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Abstract
Animal movement accounts for an important and highly complex
process that affects many ecological systems at different temporal
and spatial scales. When sources of food are not accessible in the
surroundings, animals move through the environment to increase their
chances of locating them and by adjusting the balance between local
and non-local searches. Despite of being such an important ecological
process, the behavioral mechanisms of search are still not well
understood. The focus of this thesis is to disentangle the behavioral
mechanisms responsible for individual locomotion of Caenorhabditis
elegans, while searching in a bare, homogeneous experimental setting.
Considering the nature of behavioral intermittency, we use sound
statistical tests and methods to characterize the spatiotemporal
search patterns. Our results show that, in the absence of
environmental factors, C. elegans search behavior is influenced both
by past experiences (informed behavior) and by a stochastic basal
(non-informed) motor output. Informed movement, which is related
with previous experiences and current memory state, originates at
the beginning of the experiment, a local search behavior distinguished
by an intensive exploration with high number of reorientations and
short crawls. The non-informed motor output is characterized by a
constant temporal and spatial pattern (over the whole experiment)
of reorientations and long crawls. This behavior could be thought
as of a locomotion template for the organism since it is neither
controlled by external cues nor by specific internal state metabolisms.
The existence of these two search modes suggest that the generated
movement patterns are influenced by an interplay between internal
and external motor outputs that is dependent on the information
gathered from the environment. These findings contribute greatly for
our understanding of the behavioral mechanisms responsible for the
generation of complex movement patterns.
Keywords: animal movement, search strategies, intermittent
locomotion, local search, behavioral mechanisms
Resumo
Movimento animal é um processo muito importante e altamente
complexo que afecta vários sistemas ecológicos a diferentes escalas
temporais e espaciais . Quando a fonte de alimento não está acessível,
os animais exploram o ambiente tentando aumentar as suas chances
de a localizar, e tendo que balancear, da melhor forma, a execução
entre uma busca local e uma busca não-local do ambiente. Apesar do
processo de busca ser um processo ecológico muito importante, ainda
muito pouco se sabe sobre os seus mecanismos biológicos. O objectivo
desta tese é desvendar os mecanismos biológicos responsáveis pela
locomoção do nemátodo C. elegans enquanto se move num ambiente
experimental homogéneo sem fonte de alimento. Considerando a
natureza do comportamento intermitente, usámos testes e métodos
estatísticos para caracterizar os padrões de busca espacio-temporais.
Os nossos resultados mostram que, na ausência de factores ambientais,
o comportamento de busca do C. elegans é influenciado por
experiências passadas (comportamento com informação) e por
um comportamento motor basal estocástico (comportamento sem
informação). O comportamento com informação, que está relacionado
com experiências passadas e com o presente estado de memória do
animal, origina no início da experiência, um padrão de busca local
caracterizado por uma exploração intensiva com grande número de
reorientações e com movimentos contínuos curtos. O comportamento
sem informação é caracterizado por um padrão temporal e espacial
constante (durante toda a experiência) de reorientações e de
movimentos contínuos largos. Este comportamento pode ser visto
como um modo de locomoção base para o organismo uma vez que não
é controlado nem por informação externa nem por um estado interno
metabólico específico. A existência destes dois modos de busca sugere
que os padrões de movimento gerados são influenciados pela interação
entre os movimentos motores internos e externos, que é dependente
da informação ambiental adquirida. Estes resultados contribuem
para uma melhor compreensão dos mecanismos comportamentais
responsáveis pela geração de padrões de movimento complexos.
Palavras Chave: movimento animal, estratégias de busca,
locomoção intermitente, busca local, mecanismos biológicos
Resumo Alargado
O movimento animal é considerado um processo bastante importante e complexo
que afecta muitos sistemas ecológicos a diversas escalas temporais e espaciais
(Nathan et al., 2008; Pedersen et al., 2011). Os animais movem-se por vários
motivos: para conseguirem companheiros, para evitarem predadores ou tensões
ambientais, para procurarem abrigo, para se reproduzirem e para encontrarem
fontes de alimento (Bell, 1991; Swingland & Greenwood, 1984). Quando não
existe um acesso imediato a fontes de alimento, os animais têm que iniciar uma
busca no ambiente onde se encontram de forma a lhes ter acesso. Se o ambiente
não tiver sofrido alterações ou for totalmente previsível, os animais sabem onde
encontrar as diversas fontes de alimento e irão explorar directamente essas áreas
(busca sistemática) (Mittelstaedt & Mittelstaedt, 1980; Stephens & Krebs, 1986).
No entanto, se desconhecerem parcial ou totalmente a localização das fontes de
alimento, terão que explorar o ambiente, executando uma busca não orientada
(busca aleatória). Existe evidência empírica que os animais alternam entre uma
busca sistemática e aleatória, de acordo com a quantidade de informação que têm
sobre o ambiente (Hoffmann, 1983a,b). Em buscas aleatórias, os animais tentam
aumentar as suas hipóteses de localizar fontes de alimento, através de uma busca
heterogénea do espaço e do equilíbrio entre uma exploração local e não-local.
O sucesso desta busca vai minimizar o risco de inanição e aumentar o sucesso
da reprodução. A busca animal é considerada como um processo de tomada
de decisão que resulta numa série de deslocações e orientações. Os modelos
de passeios aleatórios (Brownlee, 1911; Dobzhansky & Wright, 1943, 1947;
Fisher, 1937; Haldane, 1948; Pearson & Blakeman, 1906; Root & Kareiva, 1984;
Skellam, 1951; Wallin, 1991) têm sido uma ferramenta poderosa em descrever
estes processos caracterizando a distribuição estatística de mudanças de direcção,
por um lado, e as distribuições estatísticas de comprimentos dos deslocamentos,
por outro. No entanto, num contexto de buscas aleatória, tem sido bastante
difícil dar uma adequada interpretação biológica dos resultados. Tendo em conta
esta limitação, uma aprofundada compreensão dos processos de busca aleatórios
poderá contribuir para o desenvolvimento de modelos com um melhor poder
explicativo. Este conhecimento poderá clarificar como os animais se movem
a diferentes escalas e quando a incerteza sobre o ambiente é grande (Lima &
Zollner, 1996). Além disso, também fortaleceria a relação entre o comportamento
animal e as propriedades estatísticas de movimento, expondo ligações úteis entre
o comportamento (Bell, 1991) e os estudos baseado em padrões muito comuns em
ecologia espacial (Okubo, 1980; Tilman & Kareiva, 1997). Finalmente, e porque
processos comportamentais influenciam os processos de movimento (Holyoak
et al., 2008), a integração de ambos iria facilitar imensamente a desconstrução e
a interpretação de padrões de movimento e, consequentemente, prever o espaço
ocupado pelos animais.
O objectivo da minha tese é identificar as ligações mecanísticas entre
descrições estatísticas de movimento e o comportamento animal, segundo o
paradigma de busca aleatório. Para tal, e com base no princípio de locomoção
intermitente, os mecanismos comportamentais (propriedades microscópicas)
responsáveis pelo movimento do animal são identificados e o efeito desses
comportamentos nas propriedades macroscópicas de movimento são explorados.
Mais especificamente, os objectivos são os seguintes:
• Identificar os mecanismos comportamentais que influenciam o movimento
animal (Capítulo 2);
• Estudar as características destes mecanismos comportamentais e dos
padrões de movimento que lhes estão associados (Capítulo 3);
• Caracterizar a variabilidade individual existente relativamente a técnicas de
busca e a relação temporal entre os diferentes mecanismos comportamentais
(Capítulo 4);
• Conduzir uma análise espacial do movimento e do comportamento dos
diferentes indivíduos (Capítulo 5);
Neste trabalho, o nemátodo C. elegans (Figura 1.1), que é um ser vivo, não
parasítico que vive livremente no solo, é usado como sistema de estudo. C.
elegans foi introduzido como um sistema modelo por Sydney Brenner em 1963
(Brenner, 1963) quando seguia a sua investigação em biologia de desenvolvimento
e neurobiologia.
Este trabalho foi realizado em colaboração com Frederic Bartumeus
(CEAB-CSIC, Espanha) e William Ryu (Universidade de Toronto, Canadá), e
os dados de movimento e comportamento utilizados foram extraídos durante
experiências realizadas em 2007 no laboratório do William Ryu na Universidade
de Princeton, EUA. Nestas experiências, C. elegans adultos, estirpe N2, foram
criados a uma temperatura de 20 C e foram mantidos sob condições padrão
(Brenner, 1963). Os nemátodos desenvolveram-se num meio de crescimento NGM
(Nematode Grown Medium) e foram alimentados com a estirpe de Escherichia
coli OP50. Um anel de cobre (5.1 cm the diâmetro) foi colocado na superfície
do ágar para manter os nemátodos dentro da arena para se proceder ao seu
rastreio. O movimento dos diferentes animais foi seguido por um microscópio
de alta resolução que mantém o nemátodo no centro de visão. Imagens JPEG
foram guardados no disco duro a uma frequênicia de 32 Hz e o centro de massa de
cada inidivíduo foi calculado e guardado a uma frequência de 4Hz (Figure 1.5).
A locomoção de C. elegans pode ser descrita como uma sequência temporal de
eventos comportamentais. Usando métodos de visão computacional, cinco eventos
comportamentais foram identificados (Capítulo 2).
Para uma melhor leitura deste manuscrito, apresento duas definições descritas
abaixo: comportamentos de reorientação (b)-(e) que são responsáveis por
alterações na direção de movimento; e eventos comportamentais compostos por
comportametos de reorientação e por movimentos dianteiros (a).
(a) Movimentos dianteiros são caracterizados por um movimento contínuo
para a frente onde o corpo do nemátodo produz ondas sinusoidais da
cabeça a cauda. Um movimento dianteiro sempre ocorre entre dois
comportamentos de reorientação. O seu comprimento é determinado pelo
número de coordenadas entre o fim do evento comportamental anterior e o
início do próximo evento.
(b) Inversões correspondem a um movimento para trás onde o corpo do
nemátodo produz ondas sinusodais da cauda á cabeça. O início de uma
inversão corresponde à posição onde o nemátodo começa a mover-se para
trás e o final corresponde à última posição antes que o nemátodo comece a
mover-se para a frente.
(c) Omegas correspondem a uma inclinação do corpo do nemátodo que se
assemelha com a letra grega Ω. Um omega tem início quando o nemátodo
começa a curvar o seu corpo e termina quando o nemátodo começa a fazer
um movimento dianteiro.
(d) Piruetas são comportamentos complexos compostos por uma inversão e um
omega. Para fazerem parte do mesmo comportamento, inversões e omegas
não podem estar mais do que 0.75 segundos um do outro. As inversões
e os omegas que ocorrem durante uma pirueta não são considerados
comportamentos individuais.
(e) Pausas são caracterizadas por uma pausa no movimento enquanto a cabeça
do nemátodo se move para cima e para baixo. A pausa inicia com o primeiro
movimento de cabeça e termina com o último movimento da cabeça.
As posições espaciais e temporais do início e final de cada comportamento foram
guardadas, e correspondem, respectivamente, à posição de centro de massa do
nemátodo dentro da arena e do tempo experimental em segundos (ou número
de imagens). As imagens capturadas pelo microscópio foram processadas usando
MATLAB (Mathworks, Natick, MA). Dados de nemátodos que se pararam de
mover antes do final da experiência foram excluídas das análises. A tese está
organizada da seguinte forma:
• Capítulo 2: O objectivo deste capítulo é estudar os mecanismos
comportamentais do nemátodo C. elegans relacionados com movimentos
de busca num ambiente homogéneo. Imagens e dados do centro de massa
(posições espaciais tiradas a alta resolução) foram usadas para detectar os
diferentes comportamentos do nemátodo e para quantificar as propriedades
do seu movimento. Um sistema semi-automático de rastreio e detecção dos
comportamentos foi desenvolvido e cinco tipos de comportamento foram
identificados.
• Capítulo 3: Neste capítulo, a relação entre locomoção intermitente,
comportamento de reorientação e estocacidade foi examinada para estudar
os mecanismos usados pelos animais durante um processo de busca. Em
primeiro lugar, o papel de cada um dos comportamentos na direcção do
movimento foi quantificado. Em segundo lugar, foi conduzida uma análise
temporal dos diferentes eventos comportamentais e em terceiro lugar, a
estatística dos intervalos entre sucessivos comportamentos de reorientação
exibidos durante a experiência foram analisados.
• Capítulo 4: O objectivo deste capítulo é o estudo e caracterização da
variabilidade individual. Mais especificamente, foi testada na população,
a existência de padrões comportamentais de locomoção, caracterizando as
propriedades desses padrões, e explorando as possíveis correlações entre os
diferentes eventos comportamentais.
• Capítulo 5: O objectivo geral deste estudo é examinar os padrões espaciais
de C. elegans. Primeiro, a relação entre a quantidade de espaço usado
pelos animais e os eventos comportamentais foi analisada. Segundo, foi
conduzida uma análise espacial da frequência e distribuição dos diferentes
eventos comportamentais. Terceiro, as propriedades difusivas do movimento
da nemátodo foram calculadas.
• Discussão: A discussão é constituída por um sumário do trabalho realizado
nesta dissertação examinando as ligações deste trabalho com a investigação
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"Movement of an organism, defined as a change in the spatial location of the whole
individual in time, is a fundamental characteristic of life, driven by processes
that act across multiple spatial and temporal scales. It plays a major role in
determining the fate of individuals; the structure and dynamics of populations,
communities, and ecosystems; and the evolution and diversity of life." (Nathan
et al., 2008)
1.1 Motivation
Animal movement accounts for an important and highly complex process that
affects many ecological processes at different temporal and spatial scales (Nathan
et al., 2008; Pedersen et al., 2011). Animals move for many different reasons.
They move to find a mate, to avoid predators or environmental stress, to look
for a den site, to migrate, to breed, and to find food (Bell, 1991; Swingland &
Greenwood, 1984). When renewable sources of food are not accessible in the
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surroundings, individuals have to search the environment to locate them. If
the environment is unchanging or wholly predictable, they will learn where the
resources are and they will exploit those areas (systematic search) (Mittelstaedt
& Mittelstaedt, 1980; Stephens & Krebs, 1986). Although, if they have little or
no prior knowledge of the environment, individuals will have to explore it, doing a
non-oriented search (random search). There is empirical evidence that individuals
can switch between systematic and random searches, according to the amount of
information they have about the environment (Hoffmann, 1983a,b). In random
searches, animals must attempt to increase their chances of locating resources by
heterogeneously sampling the space and by adjusting the balance between local
and global exploration. The success of this search will minimize their risk of
starvation and increase their reproductive success.
Animal searches have been viewed as a decision-making process that results
in a series of displacements and orientations. Random walk models (Brownlee,
1911; Dobzhansky & Wright, 1943, 1947; Fisher, 1937; Haldane, 1948; Pearson &
Blakeman, 1906; Root & Kareiva, 1984; Skellam, 1951; Wallin, 1991) have been a
powerful tool to describe these series by characterizing the statistical distribution
of changes of direction on the one hand, and the statistical distribution of step
lengths between successive changes of direction on the other hand. However, it
has been really hard to give an adequate biological interpretation of the results in
a random search context. A better understanding of random searching processes
may help to develop new random walks with more sound explicative power. This
knowledge could clarify how animals move when environmental uncertainty is
high at smaller and larger scales (Lima & Zollner, 1996). Moreover, a solid
relationship between animal behavior and the statistical properties of movement
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could be established, exposing useful links between the behavior (Bell, 1991) and
the pattern-based approach common in spatial ecology (Okubo, 1980; Tilman &
Kareiva, 1997).
Finally, because behavioral processes influence movement processes (Holyoak
et al., 2008), the integration of both would greatly facilitate the deconstruction
and interpretation of movement patterns and thus predict animal space use.
1.2 Objective
The focus of my thesis is to identify the mechanistic links between statistical
descriptions of movement and animal behavior, under the random search
paradigm. For that, and based on the intermittent locomotion principle
(described below), we disentangle the behavioral mechanisms (microscopic
properties) responsible for the movement of an individual and study the effect of
these behaviors on the macroscopic properties of movement. More specifically,
the objectives are the following:
• Identify the behavioral mechanisms that influence the motion of individuals
(Chapter 2);
• Study the characteristics of these behavioral mechanisms and of their
associated movement patterns (Chapter 3);
• Characterize individual searching variability and the relationship between
the different behavioral mechanisms (Chapter 4);





Animal movement is a very complex and interdisciplinary topic since it has
been studied using concepts from very different areas of research like biology,
ecology, mathematics, physics and computer science. There exists a large body
of empirical and theoretical studies on movement of individual organisms. The
movement process can be studied at different time and spatial scales and it is
a key ingredient to understand the relationship between the individuals and the
population (Turchin, 1998).
1.3.1 Movement ecology framework
Different approaches considering different types of movement and different taxa
have been used to study animal movement. The movement ecology framework
(Nathan et al., 2008) divides the general notion of movement into four different
paradigms: the biomechanical, the cognitive, the optimality and the random.
The biomechanical paradigm focuses, mainly, on the mechanics, energetics, and
physiology of movement (Vogel, 2003). This approach provides a good description
of the motion capacity of individuals but ignores the questions of why, where,
and when organisms move. The cognitive paradigm focuses on the decision rules
related to navigation mechanisms. The studies on this paradigm concentrate on
the relationship between brain cells and their associated movement or navigation
decisions (Jeffery, 2003). The optimality paradigm explores the efficiency of
different strategies used by the organisms to optimize their fitness over ecological
or evolutionary time scales. Fitness, in this context, can be expressed by energy
gain, survival, or reproduction. This paradigm usually does not consider that
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animals might have just partial information about the environment or that
animals might have constraints in their motion or navigation capacities. Finally,
the random paradigm focuses on descriptions of movement paths by the use of null
models related to the theories of random walks (Berg, 1993), diffusion (Okubo
& Levin, 2001), and anomalous diffusion (Bart & Wolf, 2002). This approach
is used to analyze large-scale movements in landscape ecology where individuals
are assumed to search with no previous information. These different paradigms
have been studied separately, but recent theoretical and empirical studies have
already started to bridge the gaps among them (Bartumeus & Levin, 2008; Berg,
2000; Dickinson, 2000; Holyoak et al., 2008).
1.3.2 Models to study movement
Mathematical modeling has been used to study the movement of animals,
micro-organisms and cells and it has made great contributions in the fields of
biology, ecology and medicine (Codling et al., 2008). Theories like random walk
(Berg, 1993), diffusion (Okubo & Levin, 2001), anomalous diffusion (Klafter &
Sokolov, 2005) and optimality (Stephens & Krebs, 1986) have been formidable
tools to study movement patterns, their causes and consequences. In this thesis,
I will focus on the random walk models, which I will briefly describe:
Uncorrelated random walks (URWs). URWs are characterized by a
stochastic process consisting of a discrete sequence of displacement events (i.e.,
movement lengths) separated by successive reorientation events (i.e., turning
angles) (Berg, 1993; Okubo, 1980). In this context, uncorrelated means that
the direction of movement is completely independent of the previous directions
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moved (the direction is completely random). So, the process is Markovian with
regard to the location, since the location after each step taken in the random walk
is dependent only on the location in the previous step (Weiss, 1994). This type
of random walk does not account for the tendency that animals have to move in
the same direction while they move.
Correlated random walks (CRWs). CRWs are characterized by a stochastic
process consisting of a discrete sequence of movement lengths separated by
successive reorientation events correlated with each other. Most animals have
a tendency to move forwards (persistence), so CRWs involve correlation between
successive step orientations (Patlak, 1953). This correlation produces a local
directional bias: each step tends to point in the same direction as the previous
one. CRWs have been a very important and reliable way of modeling animal
paths in various contexts (Bovet & Benhamou, 1988; Kareiva & Shigesada, 1983;
Siniff & Jessen, 1969; Skellam, 1973; Turchin, 1998).
Lévy walks (LWs). A Lévy walk (LW) is characterized by a stochastic process
consisting of a discrete sequence of movement lengths that follow a power law
distribution (heavy-tailed), separated by successive reorientation events. The
exponential scaling of the step lengths gives LWs a scale invariant property which
makes them a combination of "walk clusters" with long travels between them.
These walks have the same patterns independently of the scale chosen, which
are closely related to fractal geometries (Mandelbrot, 1982). Several studies
(Bartumeus et al., 2002, 2005; Viswanathan et al., 1996, 1999) have reported that
LWs are the optimal strategy for a truly random searcher when food or targets 1)
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are randomly distributed; 2) are present at low density; and 3) regenerate after
each visit.
Multiple random walk (MRWs). The "multiple" random walk (MRW) is
based on the consideration of animal movement as a set of "behavioral modes"
that change over time (Johnson et al., 2002; Morales, 2002; Morales et al., 2004;
Ovaskainen & Hanski, 2004; Ovaskainen et al., 2008). In the MRW paradigm
each "behavioral mode" is associated to a different "walking mode", which is
represented by different random walk parameterizations or different random walk
models (Bartumeus, 2009). This approach examines the statistical properties of
different ’behavioral modes’ in different environments, but still does not explore
the specific mechanisms responsible for the statistical properties of movement
within each of these ’behavioral modes’.
Intermittent random walk (IRWs). The intermittent random walk (IRW)
approach seeks to compute the statistical patterns of behavioral intermittence
in order to characterize biologically meaningful statistical properties of the
trajectory (Bartumeus, 2009; Bartumeus & Levin, 2008). It uses the principle
of behavioral intermittence (Kramer, 2001; O’Brien et al., 1990), which implies
that movement is intrinsically discrete (e.g., animals can behaviorally-discretize
their movement in a series of move lengths, pauses, and turns) and that there are
biological mechanisms that produce pauses, velocity fluctuations or sharp changes
in direction. According to the work by Bartumeus and colleagues (Bartumeus,
2007, 2009; Bartumeus & Levin, 2008), a consequence of behavioral intermittence
is the possibility of breaking the previous directional persistence of a walk with
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strong reorientations, contributing significantly to the statistical properties of
exploration processes.
1.4 Model System
In our work, we use the nematode Caenorhabditis elegans (C. elegans) (Figure
1.1), which is a free-living, non-parasitic soil nematode (roundworm), as a model
system. C. elegans was introduced as a model system by Sydney Brenner
in 1963 (Brenner, 1963) for pursuing research in development biology and
neurobiology. Every since its introduction, C. elegans has been widely used in
research laboratories (Wood, 1988) and it has been a fantastic model study in
many fields including genomics, cell biology, neurobiology and aging (Chalfie &
Mendel, 2012). C. elegans is extremely small (about 1 mm in length) and feeds on
bacteria, such as Escherichia Coli (E. Coli). It is transparent, which facilitates
the manipulation and observation and it can be easily housed and cultivated in
the laboratory in large numbers (e.g., 10 000 worms/petri dish). In its adult
Figure 1.1: Anatomy of an adult hermafrodite. Scheme of C. elegans
anatomical structures, left lateral side. Dotted lines and numbers mark the level
of each section in Figure 1.2 (Figure credit: Altun & Hall (2009)).
stage, the unsegmented worm’s body can reach 1000 somatic cells. The body is
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cylindrical and thiner at the ends and has two tubes (outer and inner) separated
by the pseudocoelomic space (Figure 1.2). The outer tube (body wall) consists of
cuticle, hypodermis, excretory system, neurons and muscles, and the inner tube
consists of the pharynx, intestine, and gonad (in adults). All of these tissues are
under an internal hydrostatic pressure, regulated by an osmoregulatory system.
C. elegans is amenable to genetic crosses and produces a large number of
progeny per adult. It reproduces with a life cycle of about 3 days under optimal
conditions (Figure 1.3). The worm can be maintained in the laboratory where
it is grown on agar plates with E. coli as the food source. The anatomical
description of C. elegans has been completed and its whole cell lineage has been
established (Byerly et al., 1976; Sulston et al., 1983; Wood, 1988). There are two
C. elegans sexes: a self-fertilizing hermaphrodite and a male. Self-fertilization of
the hermaphrodite allows for homozygous worms to generate genetically identical
offspring. Despite its simple anatomy, C. elegans displays a large repertoire of
behaviors including locomotion, foraging, feeding, defecation, egg laying, sensory
responses to touch, smell, taste, and temperature. They also present other very
interesting behaviors like male mating, social behavior, learning and memory
(de Bono, 2003; Rankin, 2002).
1.5 Data
In this thesis, I with collaborators Frederic Bartumeus (Center for Advanced
Studies of Blanes, CSIC, Blanes, Spain) and William Ryu (University of Toronto,
Toronto, Canada) analyzed the data extracted from experiments performed in
William Ryu’s laboratory at Princeton University, New Jersey, USA.
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Figure 1.2: Nematode body plan with cross sections from head to tail.
The approximate level of each cross section is labeled in Figure 1.1. Orange
lines indicate basal laminae. A. Posterior body region. Body wall (outer tube) is
separated from the inner tube (alimentary system, gonad) by a pseudocoelom. B.
Section through anterior head. C. Section through the middle of head. D. Section
through posterior head. E. Section through posterior body. (DNC) Dorsal nerve
cord; (VNC) ventral nerve cord. F. Section through tail, rectum area (Figure
credit: Altun & Hall (2009)).
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Figure 1.3: Life cycle of C. elegans at 22◦C (0 min is fertilization).
Numbers in blue along the arrows indicate the length of time the animal spends
at a certain stage. First cleavage occurs at about 40 min post-fertilization. Eggs
are laid outside at about 150 min post-fertilization and during the gastrula stage.
The length of the animal at each stage is marked next to the stage name in
micrometers (Figure credit: Altun & Hall (2009)).
Data acquisition
A. Worm preparation. Young C. elegans adults, strain N2, were grown
at 20◦C and were maintained under standard conditions (Brenner, 1974).
Worms were grown on standard NGM (Nematode Grown Medium) and were
feeding on E. coli strain OP50. A copper ring (5.1cm inner diameter) was
pressed into the agar surface to keep worms inside of the arena for tracking.
Worms were transferred from the Nematode Grown Medium (NGM) buffer,
where they had been without food for 1 minute, to the center of the assay
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plate (9-cm Petri dish) (Figure 1.5-(a)). The location of the dorsal side of
the worm was noted via a stereomicroscope. The plates were covered and
tracking started after 1 minute and continued for 30 minutes.
B. Worm tracking. Worm movement was followed by a sophisticated
imaging system which consists of a Basler firewire CMOS camera (A601f,
Basler, Ahrensburg, Germany) with 4x lens (55−901), Edmund Optics,
Barrington, NJ) and a fiber optic transilluminator (DC-950, Dolan−Jenner,
Boxborough, MA) mounted to an optical rail (Thorlabs, Newton, NJ). The
rail is attached to a XY translation stage (Deltron, Bethel, CT) which
is driven by stepper motors (US Digital, Vancouver, Washington). The
stage driver is a homemade unit utilizing a SimpleStep board (SimpleStep,
Newton, NJ) and Gecko stepper motor drivers (Geckodrive, Santa Ana,
CA). Images of worms were isolated and identified using the image particle
filter. Image acquisition, processing, and stage driver control was done using
LabVIEW (National Instruments, Austin, TX). Raw unprocessed JPEG
images of the worm were saved to the hard drive at rates up to 32Hz. The
worm’s center of mass was calculated and saved at a rate of 4Hz (Figure
1.5).
C. Behavior identification. C.elegans movement can be described as a
temporal sequence of behavioral events. Using computer vision methods,
five behavioral events were identified in Chapter 2. For a better reading
of the manuscript, we offer two definitions: reorientation behaviors as the
behaviors (b)-(e) that are responsible for changes in the direction of motion;
12
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Figure 1.4: C.elegans experimental tracking setup. Agar plate where
individual worms (red square) were tracked during 30 min. A copper ring (5.1 cm
inner diameter) was pressed into the agar surface to prevent the worm to leave
the experimental arena for tracking. Worm image was sampled at a frequency of
f = 32hz during the experiment.
and behavioral events composed both by reorientation behaviors and the
crawl events (a).
(a) Crawls are characterized by a forward movement where the worm’s
body produces sinusoidal waves from head to tail. A crawl event
always occurs between two reorientation behaviors. Its length is
determined by the number of data points between the end of the
previous behavioral event and the beginning of the following one.
(b) Reversals correspond to a backward movement where the worm’s
body produces sinusoidal waves from tail to head. The beginning of a
reversal is the frame in which the worm starts moving backwards and
the end is the last frame before the worm starts moving forward.
(c) Omegas correspond to a deep bend of the worm’s body forming the
greek letter Ω. An omega starts when the worm’s starts bending the
13
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Figure 1.5: Example of a C. elegans trajectory. The trajectory is composed
by the center-of-mass time series {xcm(t), ycm(t)} sampled at a frequency of f =
4hz. The red star corresponds to the position of the worm at the beginning of
the experiment.
body and ends when the worm starts doing a crawl behavior.
(d) Pirouettes are complex behaviors composed of a reversal followed by
an omega with no more than 0.75 secs apart. A pirouette starts with
a reversal and ends with an omega. The reversals and omegas that
occur during a pirouette are not considered as individual behaviors.
(e) Pauses are characterized by a pause in movement while the worm’s
head is moving up and down. A pause starts with the first head
movement and ends with the last head movement.
For each behavior, we saved the spatial position and time frame of their
start and end, that correspond, respectively, to the center of mass of the
worm in the arena and the experimental timing in seconds (or in number
14
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of image frames). The images captured by the microscope were processed
using MATLAB (Mathworks, Natick, MA).
Data on worms that stopped moving before the completion of the run were
excluded from the analyses.
1.6 Thesis organization
This thesis is organized in the following way:
• Chapter 2: The focus of this chapter is the study of the behavioral
mechanisms of the nematode C. elegans searching in a homogeneous
environment. Image and center of mass data (taken at a high resolution)
were used to simultaneously detect the different behaviors and quantify
its movement properties. We developed a semi-automatic tracking and
detection method of C. elegans locomotory behavior and identified five
behavioral types.
• Chapter 3: In this chapter, we examined the links between intermittent
locomotion, reorientation behavior and stochasticity to study the
mechanisms used by organisms while searching. Firstly, we quantified
the role of the different behavioral events on the direction of motion.
Secondly, we performed a temporal analysis of the different behavioral
events and thirdly, we analyzed the statistics of the intervals between
successive reorientation behaviors exhibited by individual worms over time.
• Chapter 4: The goal of this chapter is, as a first approximation, the study
and characterization of individual variability. More specifically, we looked
15
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for locomotory behavioral patterns existent in the population, characterized
the properties of these patterns, and explored possible correlations between
the different behavioral events.
• Chapter 5: The general goal of this study is to examine the spatial
patterns of C. elegans. Firstly, we established a link between the amount of
space use and the behavioral events performed by the population od worms.
Secondly, we performed a spatial analysis of the different behavioral events
and thirdly, we analyzed the diffusive properties of worm movement.
• Discussion: In the discussion, I summarized the work presented in this
dissertation examining how it is related with current research on searching
strategies and discussed future lines of research regarding these topics.
16
Chapter 2
Computer vision software and




The focus of this chapter is the study of the behavioral mechanisms underlying
the movement of the nematode Caeronhabditis elegans (C. elegans) based on both
image analysis software and clustering techniques. Image and center of mass data
(taken at a high resolution) were obtained from a relocation experiment where
well-fed individuals were transferred into an environment with no cues.
C. elegans has been widely used for the analysis of behavior and development
at the molecular and cellular levels. Also, due to its small size, it is possible
17
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to track the free movement of this organism in an arena large enough without
limiting its search space. C. elegans locomotion has been classified into five
discrete activities: forward motion (crawl), backward motion (reversal), omega
bends, pirouettes and pausing (Shingai, 2000).
To have a comprehensive description of these behaviors, a variety of computer
vision systems have previously been applied to C. elegans. These approaches allow
for precise quantitative definitions of behavioral phenotypes over long periods of
time that previously have been identified only for short periods and only by human
observers. These systems have been designed to track multiple or single worms.
The ones that track multiple worms use low magnification to keep all the animals
in the field of vision and track the position of each animal over time (de Bono
& Bargmann, 1998a; Dhawan et al., 1999; Fontaine et al., 2006; Huang et al.,
2007; Ramot et al., 2008a; Restif & Metaxas, 2008; Restif et al., 2011; Roussel
et al., 2007; Swierczek et al., 2011; Tsechpenakis et al., 2008). This approach
allows for measurements of large-scale features such as the rate and direction of
movement; however, because the animals were observed at low magnitude, it is
not possible to obtain more detailed information about their body posture and
morphology. Other systems, follow an individual at high magnification using a
tracking program that directs the movement of a motorized state to maintain the
worm in the center of the field (Baek et al., 2002; Cronin et al., 2005; Feng et al.,
2004; Fontaine et al., 2006; Geng et al., 2004; Hoshi & Shingai, 2006; Huang et al.,
2006; Tsibidis & Tavernarakis, 2007) The accuracy of the information obtained
depends on the mechanics of the system and the integration with the microscope
and camera. These systems allow precise quantification of behavior, but are
more limited in the ability to rapidly collect data on statistically significant
18
2.1 Introduction
numbers of animals (Ben Arous et al., 2009; Cronin et al., 2005; Feng et al., 2004;
Pierce-Shimomura et al., 1999a; Zhao et al., 2003). In this way, it is possible
to follow the position of the animal over long time periods and comprehensively
measure nematode features.
In this chapter, we used current computer vision methods and eigenworm
analysis (Stephens et al., 2008) to develop a semi-automatic tracking and
detection method of C. elegans locomotory behavior. We explicitly identified
five behavioral types (reversals, omegas, pirouettes, pauses and crawls) as well
as their start and end positions. We validated the methods used with a control
dataset of 36000 frames and almost 450 behaviors observed by eye. In addition,
we complemented the behavioral dataset with a characterization of crawls into
different types according to their sinusoidal properties. Finally, we presented,
through ethograms, a complete mapping of the animal locomotory behavior of
the 52 individual tracks analyzed.
2.1.1 Image pre-processing
The grey scale images were subjected to preliminary image processing to generate
a simplified representation of the worm body, from which essential parameters
were computed. All the images that had the presence of the copper ring were
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Figure 2.1: General description of the image segmentation process.
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First, the worm is extracted from the background of the image. It is an
easy task for the human visual system to distinguish a large object from its
background, however, it is a difficult one for a machine to do so. We used features
inherent to the original image (Figure 2.2-a) to allow the machine to separate the
worm from the rest of the image. For that, we took advantage of the the good
lighting conditions of the experiment that provided a high contrast between the
worm and its background, and performed a local threshold of the raw image.
This method attributes pixels to the worm and to the background dependent
on whether their intensity exceedes a certain threshold value. To determine this
threshold, we used Otsu’s method (Otsu, 1979) which chooses the value that
minimizes the intraclass variance of the black and white pixels. The segmentation
process resulted in a two-dimensional binary (i.e. consisting of 1s and 0s) matrix,
in which value 1 represents a pixel on the foreground and value 0 represents a pixel
on the background (Figure 2.2-b). Secondly, we removed isolated objects, which
came from the noise on the grey scale images, first by removing objects connected
to the image borders and then keeping just the object with higher occupied area
(object with more number of pixels with value 1 that were adjacent to each other).
Finally, we filled the existing holes that were originated by the existence of pixels
lighter than their surroundings and performed a fill hole operation (by changing
connected background pixels (0’s) to foreground pixels (1’s), stopping when it
reaches the object boundary); thereby we were able to get the final segmented
binary image ready to be analyzed (Figure 2.2-c)).
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(a) Gray scale image. (b) Image after local thresholding.
(c) Final segmented binary image. (d) Worm’s skeleton.
(e) Worm’s boundary. (f) Worm’s head.
Figure 2.2: Image segmentation and feature extraction steps. a)
original gray scale image; b) corresponding binary image after thresholding
operation; c) binary image after isolated object removal and fill hole operation;
d) morphological skeleton after skeletonizing and pruning algorithms; e) exterior
boundary; f) head position with exterior boundary and skeleton.
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2.1.2 Features extraction
From the segmented binary image (Figure 2.2-(c)), a large number of
morphological features (e.g. amplitude, bending frequency, wavelength, velocity,
length of skeleton, length of boundary, area of the worm) can be extracted
(Cronin et al., 2005; Feng et al., 2004; Geng et al., 2004). A large body of
work uses these morphological features to 1) create a general database composed
by a wide range of phenotypic parameters (Cronin et al., 2005; Feng et al., 2004;
Tsibidis & Tavernarakis, 2007); 2) identify behavioral patterns of specific mutants
using different techniques such as classification and regression tree (CART)
algorithms, principal component analysis and k -means algorithms and random
forests classifiers (Baek et al., 2002; Geng et al., 2003, 2004); 3) detect the different
locomotion behaviors like forward movements, omega bends, reversals, pauses
and foraging behaviors (Hoshi & Shingai, 2006; Huang et al., 2006; Ramot et al.,
2008a). To detect the different locomotion behaviors, we computed the following
morphological features:
Boundary
The boundary of the worm is the body line that is between the foreground and
background pixels. It is obtained by removing its interior pixels one by one until a
pixel connected to the boundary is found. A pixel is set to 0 if all its 4-connected
neighbors are 1, thus leaving only the boundary pixels on ((Figure 2.2-e))).
Skeleton
Skeleton is the centerline of the worm body (a one pixel-thick line through the
center of the shape). The skeleton is obtained by eliminating redundant pixels
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on the skeleton by thinning, which is a morphological operation used to remove
selected foreground pixels from binary images. To avoid branches on the ends,
the skeleton is shrunk from all its end points simultaneously (pruning algorithm)
until only two end points are left, which represent the longest end-to-end path
on the skeleton (Figure 2.2-d).
Solidity
Solidity is a compactness measure that identifies when the worm body is bent
(compressed in an omega shape or in a circle). It is defined as the proportion of
pixels in the convex hull of the worm (Figure 2.3-c), which is the smallest convex








2.1.3 Head and tail recognition
The endpoints of the skeleton are potential head and tail locations (Figure 2.4-a).
Because of the highly deformable nature of the worm body (i.e. specially during
omega bends), most conventional image matching and tracking algorithms cannot
be applied to this problem (with the exception of the work by (Huang et al., 2006)
which identifies the head and tail locations during an omega bend based on an
algorithm that identifies the worm centerline). For this reason, the algorithms
used to identify the head and the tail are applied mostly to the images where the
skeleton is successfully computed. There are different approaches to identify head
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Figure 2.3: Omega solidity. a) Binary image after thresholding and hole filling.
Area (worm) = actual number of pixels inside of worm body. b) Convex hull
(blue line: smallest convex polygon that can contain the region. c) Area (convex
hull) = actual number of pixels inside of the convex hull.
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and tail locations. The study by (Hoshi & Shingai, 2006) used a combination of
three criteria: 1) the head swings more than the tail; 2) worms move more in the
forward than in the backward direction; 3) the head is rounder than the tail. The
studies by (Feng et al., 2004; Ramot et al., 2008a) uses only two: 1) the head is
usually brighter than the tail (the head is recognized using the brightness) and
2) the head usually moves more than the tail (the head is identified by analyzing
the distance between the current frame and the previous frame). Roussel and
colleagues detected the head and tail locations in an environment with multiple
worms by multiple hypothesis tracking (Roussel et al., 2007).
In our analysis, we identified both the head and tail locations only for the
images where the skeleton was successfully computed. Looking at the images,
the human eye can detect that the body shape at the region of the head is
rounder than the the region at the tail, which is more acute. This difference in
shape, together with the skeletonizing algorithm used, generate distinct distances
between the endpoints of the skeleton and their closest boundary points. The
skeleton endpoint that corresponds to the head is always further away from the
boundary (distance d1 in Figure 2.4-b)) than the one correspondent to the tail
that is usually touching it (distance d2 in Figure 2.4-c)).
Correction of head/tail
The recognition of the head and the tail is a difficult task after the occurrence of
an omega turn since the worm body still has not recovered its natural shape and
the head is more acute than the tail. In order to correct the misidentification of
the head/tail, we applied the following procedure to all images in which the head
and tail were identified:
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(a) Possible positions for the worm’s
head.
(b) Distance (d1) between endpoint A
and its closest boundary point.
(c) Distance (d2) between endpoint B
and its closest boundary point.
Figure 2.4: Recognition of head and tail. Head corresponds to the skeleton
endpoint that is more further away from the boundary (side A, distance d1 0).
Tail corresponds to the skeleton endpoint that is closer to the boundary (side B,
distance d2 = 0 or not much bigger).
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worm at time ti+1





(a) Heads and tails correctly identified.
















worm at time ti+1




(b) Heads and tails wrongly identified.
Figure 2.5: Steps for the correction of head and tail locations. Comparison
of the positions of the head between two consecutive frames. If they are close
to one another, then the head and tail were well identified (a), if the distance is
longer than half of the worm body, then the head and tail were wrongly identified
(b).
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1. For each two consecutive frames happening at times t and t + 1, respectively, extract their heads at
positions h(t) and h(t+1), where h(t) = h(x(t), y(t)).
2. Let dw be the length of the worm body and d′ = dw/2. Compute the distance between the head at
position h(t) and h(t+1): dh =
√
(h(x(t+ 1))− h(x(t))2 + (h(y(t+ 1))− h(y(t))2 and compare it with
d′.
3. If dh ≤ d′, then the head locations at times t and t+ 1 are very close to each other, which means they
were well identified (Figure 2.5-a)).
4. If dh > d′, then the head locations at time t and t+ 1 are in opposite sides of the worm body, therefore
they were wrongly identified and need to be flipped (Figure 2.5-b)). For this cases, apply the following
procedure:
(a) Select the frames between the end of an omega bend and the following reorientation behavior to
identify the ones that were misidentified. If there is one frame in which the head location was
misidentified, there will be another frame after this one that will invert the process.
(b) Identify these two key frames and flip the location of the head and tail for all the frames between
these two.
2.1.4 Center of mass analysis
Worms were tracked for 30 minutes, but analyses were only carried out on the
last 27 minutes to ensure that the worm had resumed normal behavior after
being placed in the agar plate. Using the center of mass data, we performed the
following computations:
Absolute angles
We computed the absolute angles αji to measure consistently the angular
orientation of the trajectory with respect to a single line of reference, y axis.
αji = arctan2[(yi − yi−1), (xi − xi−1)] (2.2)
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corrected by ± 2pi if the changes between consecutive angles were larger than pi.
Angular concordance
The angular concordance ra (Fortin & Dale, 2005; Zar, 2010) was computed to
test the agreement among absolute angles. For any sets of data, the angles αi are
represented in a circular system by vectors of unit length and coordinates (xi, yi)












The coordinates of the mean vector are (x¯, y¯), while its length is equal to
ra =
√














The mean vector length (ra) takes value 1 when all the angles are the same
and value 0 when the vectors cancel each other out. This measure should not
be referred as a measure of angular correlation because it cannot take negative
values.
Curvature
We computed the curvature to determine the amount by which a curve deviates
from being straight. Straight lines themselves have zero curvature. Large circles
should have smaller curvature than small circles which bend more sharply. The
curvature of a two-dimensional curve is related to the radius of curvature of
the curve’s osculating circle. Considering a circle specified parametrically by
29
2. COMPUTER VISION SOFTWARE AND CLUSTERING
TECHNIQUES TO IDENTIFY CAENORHABDITIS ELEGANS
BEHAVIORAL EVENTS
x = a cos t and y = a sin t which is tangent to the curve at a given point, the





where primes refer to derivatives with respect to parameter t (Coolidge, 1952;
Sokolov, 2001).
2.1.5 Behavioral detection from images
The different worm behaviors were detected from the segmented binary images
using computational techniques such as computer vision and eigenworm analysis
(Stephens et al., 2008) according to the behavioral identification diagram in
Figure 2.6. Next, together with a short summary of the existing methods, we
will provide a description of the method used to detect the different behaviors.
2.1.5.1 Omega detection
Omega bends occur when the worm bends sharply its body taking on the shape of
an omega symbol. An omega starts when the worm starts bending its body deeply
and ends when it returns to a crawl position. The omega bends can be crossed
(looking like a delta symbol) or non-crossed (omega symbol); during an omega
bend the head can touch the body or not at all. There are different methods of
identifying omega bends: some authors check to see if the worm presented a hole
on its body after the morphological closing operation or its skeleton length is less
than 75% of the average length value of the worm body (Hoshi & Shingai, 2006);

















If	  Tb	  ≤	  3	  frames	  	  
Semi-automatic check 
Error = 1 Error = 0 
Figure 2.6: Behavioral identification diagram. Diagram with the description
of the method used to identify omegas, reversals, pauses and pirouettes.
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its body (in many omega bends the head touches the body) (Huang et al., 2006)
and others by computing the maximum distance between two points in the body
(Srivastava et al., 2009). If this distance was below a certain threshold, the body
was compressed performing an omega bend, if not, it was at its natural shape.
The solidity measure together with the output error of the skeletonizing
algorithm for omega bends (situation in which the algorithm could not detect
a valid skeleton) allowed us to identify a set of dataframes that corresponded to
omega bends. We found out that a solidity value greater than or equal to 0.70
was a very good indicator of the compression of the worm body during an omega
bend. After identifying all the frames correspondent to omegas, we cleaned the
data by aggregating omega frames that were six frames apart (the minimum crawl
length verified by eye is 15 frames) and we eliminated omegas that had less than
three frames (minimal omega length verified by eye is 5 frames). We counted as
the beginning of an omega the data frame number correspondent to the beginning
of a sequence of omega data frames, and the last one as the number of the frame
of the last sequence frame.
2.1.5.2 Reversal and Pause detection
The identification of both the head and the tail locations is crucial to identify
reversal and pause behaviors. To detect reversals, most studies compare specific
focal points in the skeleton of current with future images to detect forward or
backward movements (Hoshi & Shingai, 2006; Huang et al., 2006). If the focal
point is closer to the head location, then the worm is moving forward, otherwise,
it is moving backwards. In other studies, the center of mass data is used to detect
high changes of direction and space overlap (Geng et al., 2004). However, this
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measure may not be reliable if there is noise generated by the tracking device or
if the camera resolution is too high (oversampling problem).
In our method, after having the head and tail detected, we used the eigenworm
analysis (described in Appendix A) developed by (Stephens et al., 2008) to
identify reversals and pauses. This method is semi-automatic since after applying
the eigenworm method, pauses and reversals were detected by eye for the 52
experiments. All behaviors that were smaller than 4 frames were eliminated.
2.1.5.3 Pirouette detection
Pirouettes are a combined behavior of a reversal followed by an omega. To
identify pirouettes, we detected separately all reversal and omega behaviors and
checked which ones were less than 3 frames apart. If they were, then they form a
pirouette behavior, otherwise, they are considered two separated behaviors. All
the reversals and omegas that form pirouettes are not considered in the pool of
individual reversals and of individual omegas, respectively.
2.1.6 Crawls classification
In order to understand the role of crawls during worm’s movement, we analyzed
their sinuosity based on their curvature and angular concordance. Curvature
measures how curved a curve is by computing the rate of change of direction
of the tangent vector, while angular concordance tests the agreement among
turning angles. Using the clustering technique k-means (MacQueen, 1967), we
partitioned the set of crawls C = {c1, c2, . . . , cn} into 4 clusters. The k-means
algorithm uses an iterative partitioning that minimizes the sum, over all clusters,
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||x(j)i − cj||2, (2.5)
where, in our case, ||x(j)i −cj||2 is the squared Euclidean distances between a data
point x(j)i and the cluster centre cj, that is an indicator of the distance of the n
data points from their respective cluster centers. To choose the best number of
clusters and to evaluate the cluster results of finding the partitioning that best
fits the underlying data, we used Silhouette Coefficents (SC) (Rousseeuw, 1987).




where a(i) is the average dissimilarity of i-object to all other objects in the
same cluster, b(i) is the minimum of average dissimilarity of i-object to all objects
in the closest cluster and −1 ≤ s(i) ≤ 1. If silhouette value is close to 1, the
sample is well-clustered and the different objects were assigned to the appropriate
cluster. If silhouette value is about zero, the sample could be assigned to another
cluster that is close and the samples lie equally far away from both clusters. If
silhouette value is close to -1, it means that sample is not well classified and is
merely somewhere between the clusters. So, the largest s(i) indicates the best
clustering. To decide the number of clusters, we chose the one that had higher s¯
that is the average of the s(i) for all the i-objects in the dataset.
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2.1.7 Validation of the start and end time positions of
behaviors
Let Cstart and Cend be the sets computed by the algorithm, respectively, of
the start and end time positions of the behaviors. Let Ostart and Oend be the
sets observed by eye, respectively, of the start and end time positions of the
behaviors. The start of a behavior is defined as the frame number in which the
behavior starts, and the end of the behavior is defined as the frame in which the
behavior ends (see Introduction for definition of the start and end positions of
each behavior). To check how well the method we used detected not only the
presence of behaviors but also their start and end time positions, we computed
the modulus of the differences between the time positions of the computed and
the observed sets:
dstart = |Cstart −Ostart| (2.7)
dend = |Cend −Oend| (2.8)
A difference with value 0 means that the observed and computed time frames are
the same. To measure how far away we are from detecting the exact time frame
where the behavior started or ended, we computed the mean and the interquartile
range (IQR) of the two sets of differences.
We also used a Kruskall-Wallis test to check if the two sets of time positions
(computed and observed) are statistically identical. This test evaluates the
hypothesis that all samples come from populations that have the same median,
against the alternative that the medians are not all the same. These analyses
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were done for both reversals and omegas.
2.2 Results
The behavioral detection algorithm was applied to the image data of 52
individuals, 30 minutes each (total of 374 400 frames) and, in total, we
detected 988 reversals, 860 omegas, 935 pirouettes and 306 pauses (Table D.1
in Appendix A). Our method was validated by computing the percentage of
behaviors detected by the algorithm to the ones detected by human observation.
We used a control dataset of behaviors observed by eye of 5 experimental runs (a
total of 36000 frames) representing 10% of the whole dataset.
2.2.1 Validation of the head and tail locations
The head and tail locations were identified for all frames except for the ones that
corresponded to omega bends. The videos were played back for human verification
and each head and tail locations were validated both for the identification and
correction algorithms. Experimental results are shown in table 2.1. Our head and
tail identification/correction procedure produces excellent results as the average
correct identification rate is above the 99%.
2.2.2 Behavioral validation
The experimental results showed in Table 2.2 demonstrate that the algorithm
detected correctly 94.8% of the 248 observed omegas and returned 1 false positive.




















id_A 6379 58 0 0.0091 0
id_B 6912 12 0 0.0017 0
id_C 5905 13 2 0.0022 0.0003
id_D 6557 15 4 0.0023 0.0006
id_E 6561 147 4 0.0075 0.0006
Total 26409 245 10 0.0093 0.0004
Table 2.1: Head and tail identification results. Data were collected from 5
30-min video sequences (7200 frames each). First column shows the 5 experiments
that were used to validate the rest of the data. Second column shows the number
of frames in each experiment that were used to compute the head and tail (this
corresponds to the number of frames correspondent to omega bends). The number
of frames that had head recognized as tail due to tail section being rounder is
listed in column 3. The number of frames that had head recognized as tail after
the application of our correction head-tail algorithm in listed in column 4. The
average error rate for recognition of head/tail during tracking and after correction
algorithm is less than 1% for the 26 409 frames tested.
identified as an omega (1 case), long omegas that were identified as two short
ones (4 cases) and 2 short omegas that were identified as a long one (3 cases).
The results given by the semi-automatic method used to detect reversals and
pauses were also validated by eye on the same dataset. The experimental results
showed that the algorithm detected over 92% of the 196 reversals identified by
eye (Table 2.2). It also detected other behaviors that were not reversals: 18
pauses and 63 behaviors that shared a common characteristic (the body of the
worm was predominantly straight). Pirouette events are formed by reversals
and omegas that are less than 3 frames apart. The percentage of detection of
these behaviors is totally dependent on the percentage of success of omegas and
reversals.
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Experiment No. of correctlydetected Ω bends
No. of wrong
detections
No. of Ω bends
missed
id_A 60 (96.8%) 4 0
id_B 22 (100%) 0 0
id_C 68 (90.7%) 7 0
id_D 46 (100%) 0 0
id_E 40 (93.0%) 2 1
Total 236 (94.8%) 13 1





id_A 81 (95.3%) 9 4 (4.7%)
id_B 37 (100%) 15 0 (0 %)
id_C 15 (83.3%) 12 3 (16.7%)
id_D 30 (85.7%) 8 5 (14.3%)
id_E 33 (89.2%) 19 4 (10.8%)
Total 196 (92.5%) 63 16 (7.5%)
Table 2.2: Verification results for the omega and reversal detection
algorithms. Data were collected from 5 experiments of 30 mins (a total of
36000 images observed by eye) and compared with the algorithm output. The first
column shows the experiment id. The second column shows both the number of
correctly detected behaviors with our algorithm and the ratio of correct detections
to total observations. The total of wrong detections is listed in column 3. The
number of missed omegas and reversals is listed in column 4.
Validation of beginning and end of behaviors
The distances between the observed and the computed time positions have on
average across all the behaviors observed a mean of 0.6 and of 2.8 frames for the
start and end sets, respectively. The interquartile rate value is 1.4 frames for the
start set and 5.2 frames for the end set. These results indicate that the detection
of the start time position of the behavior is more accurate than the detection of
the end time position. Regarding the comparison of the two sets as coming from
the same distribution, the Kruskall-Wallis test show that the observed and the
computed sets of time positions are identical, at a 0.05 significance level, for both
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the start and end cases.
2.2.3 Crawls classification
Using k-means algorithm, crawls were clustered in four groups (Figure 2.7-a))
with average silhouette value s¯(i)= 0.6049 (Figure 2.7-b)). The classification was
based on values of angular concordance (ra) and curvature (k) of each crawl.
The clusters shown in Figure 2.7-a) seem to be part of a continuum set of data
points, but after visual inspection of the crawls assigned to each cluster, a clear
difference in morphology was identified between the different groups, enabling
the classification of crawls in lines, open arcs, closed arcs and loops (Figure 2.8).
These results increase the complexity of worm searching strategies since the worm
may change the type of crawl between the other behaviors. The worm has to
decide which crawl type to use in between two of the other locomotory behavioral
events.
2.2.4 Trajectory behavioral labeling
With all the behaviors identified, we have a unique opportunity to assess how
individuals link behaviors to large scale search movements. We assigned a
behavior to each data point and mapped individual trajectories into the different
behavioral events: crawls (grey), reversals (blue), omegas (cyan), pirouettes
(orange) and pauses (red) (Figure 2.9). From the trajectory we can see that the
movement is sinuous and that the sharpest changes of direction in the trajectory
are correspondent to specific types of behavior (mainly pirouettes in the example
of the figure).
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(a) K-means clustering of the crawl data. Four different types
of crawls were identified: loops (cyan), closed arcs (yellow),
open arcs (red) and lines (green).










(b) Cluster silhouettes of the crawl data to evaluate the
k-means clustering. The best silhouette value s¯(i)= 0.6049
corresponds to 4 different clusters. The silhouette value for
each point is a measure of how similar that point is to points
in its own cluster vs. points in other clusters, and ranges from
-1 to +1.
Figure 2.7: Crawls classification. K-means clustering (a) and cluster
silhouettes (b) of the crawl data.
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(a) Loops (b) Closed Arcs
(c) Open Arcs (d) Lines
Figure 2.8: Types of crawls. Based on angular concordance and curvature
values, crawls were characterized in four different groups: loops, closed arcs,
open arcs and lines (results of k-means clustering algorithm).
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Figure 2.9: Example of a trajectory mapped with all behavioral events.
All points of the trajectory were mapped to their corresponding behavioral
events. Each behavior is represented by a different color: crawls (grey), reversals
(dark blue), omegas (cyan), pirouettes (orange) and pauses (red). The red star




Worms were tracked for 30 minutes, but analyses were only carried out on the
last 27 minutes, thereby allowing a habituation period of 3 minutes at the start
of the experiment. An ethogram with the consecutive behavioral events of 27
minutes (x-axis) of the experiment was created for the 52 individuals (y-axis)
(Figure 2.10). Each behavioral event is represented by a different color: crawls
(grey), reversals (dark blue), omegas (cyan), pirouettes (orange) and pauses (red).
The ethogram shows that distinct search movements are adopted by the different
individuals based on differences in the length and frequency of their behaviors.
Most individuals perform more short crawls with high diversity of behaviors
at the beginning of the experiment than at the end that is composed by long
crawls and low number of behaviors. Also, we can see that some individuals use
more of a specific type of behavior than others (e.g omegas versus reversals). A
similar ethogram was created for the different crawl types (Figure 2.11). The 52
individuals are represented on the y-axis and the 27 minutes of experiment are
represented on the x-axis. The crawl types are identified by their respective color:
lines (dark blue), open arcs (green), closed arcs (orange) and loops (dark red).
According to the ethogram, these individuals also use heterogeneous strategies
related to crawl types since there are some that use predominantly loops (dark
red color) while others use more closed arcs (orange color). Lines (dark blue
color) are present in all individuals (lines are the most frequent crawl type), but
they seem to be more abundant at the beginning of the experiment than at the
end. The open arcs seem to be quite homogeneous across the population. The
grey color represents the behaviors that were not considered for this analysis: 1)
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Figure 2.10: Individual variability on the stereotyped behaviors.
Ethogram showing phenotypical variability amongst individuals. The y-axis
represent the different individuals and the x-axis represent time (27 mins of
experiment). Frames are mapped into their correspondent behavioral events that
are represented by the following colors: crawl (grey), reversal (dark blue), omega




























Figure 2.11: Individual variability on the crawl types. Ethogram showing
phenotypical variability amongst individuals. The y-axis represent the different
individuals and the x-axis represent time (27 mins of experiment). Frames are
mapped into their correspondent crawl type that are represented by the following
colors: lines (blue), open arcs (green), closed arcs (orange), loops (red) and other
(grey).
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stereotyped behaviors (reversals, omegas, pirouettes and pauses); 2) crawls that
were adjacent to a behavior close to a copper ring; 3) first crawl of the experiment;
and 4) last crawl of the experiment.
2.3 Discussion
In this chapter, we detected and characterized the motor behavioral mechanisms
of the nematode C. elegans while searching in a free environment. By following
(Baek et al., 2002; Feng et al., 2004) and by using both eigenworm (Stephens et al.,
2008) and clustering analyses (MacQueen, 1967), we developed a framework to
classify the distinct locomotory behaviors: reversals, omegas, pirouettes, pauses
and the different crawl types.
In general, computer vision methods to track worm behavior share the
difficulty of accurately quantifying the worm features that will allow the
distinction between the different behaviors. First, during image processing,
the worm should ideally be skeletonized to a single curve, but the process
of skeletonization is liable to error as most algorithms are sensitive to small
inaccuracies in the body shape (Buckingham & Sattelle, 2008). These errors
can be even more severe during omega bends where the body shape suffers
considerable changes. Only the approach developed by Roussel and colleagues
(Roussel et al., 2007) can overcome this problem where they use B-splines and
dynamic programming to determine the skeleton. In our method, we opted for
not computing the skeleton for omega bends and decided to use the output
error given by the skeletonizing algorithm as an essential information to identify
these behaviors. Secondly, a correct head and tail identification is crucial for
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the classification of reversals. This identification has been a challenge to the
development of worm tracking computer vision software, specially during omega
bends where a valid skeleton is not usually formed. There is only one study
by (Huang et al., 2006) that identifies head and tail locations during omega
bends. As in (Geng et al., 2004), we recognized head and tail locations for
the frames where a valid skeleton was identified. During this process, we
found some classification difficulties since many times the head and tail regions
switched properties: tails became round and heads became pointy. We solved
this issue by comparing the current head and tail locations with the previous
ones during the correction algorithm after analyzing all the data, instead of
doing it during the initial identification process as done by (Geng et al., 2004).
This strategy prevented the situation where one wrong classification at one
time step would provoke wrong classifications in the following ones. With a
good head and tail classification method, one can easily discriminate between
forward from backward movements. In fact, in this study we demonstrated
that, in a dataset where omegas were already identified, the first two major
components of the eigenworm analysis are a very good method to distinguish
forward from non-forward movements. However, this method needed visual
inspection help to distinguish the different behaviors, since the ones detected were
composed by backward movements (reversals), pauses and straight body shapes
in forward movements. Nevertheless, the behaviors above were well detected,
further investigation is needed in this topic to generate a fully automated system
to identify all locomotory behaviors.
Overall, our method achieves very high accuracy in detecting the head and
tail locations and the multiple behavior types: 99.0% of head/tail regions; 92.5%
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of reversals and 94.8% of omegas. Our method to identify head and tail locations
shows slightly better accuracy (99.0%) than the one developed by (Geng et al.,
2004) (98.0%). Methods that focus on detecting only one behavior do perform
somewhat better (99.4% for omegas, (Huang et al., 2006) and 99.0% for reversals,
(Feng et al., 2004)). However, in order to compare these methods reliably one
would need to test them on the same dataset.
The method presented in this chapter provides the following extensions: 1)
detection of all locomotory behaviors in the same framework; 2) classification
of crawls into different types; and 3) identification of the start and end time
positions of all behaviors. The methods used in previous studies, which were
developed mostly to classify mutant types, can extract many features of the
worm shape (Cronin et al., 2005; Tsibidis & Tavernarakis, 2007), but only a
few can extract some locomotory behaviors: reversals and crawls, (Baek et al.,
2002; Geng et al., 2004), reversals, crawls and omegas (Huang et al., 2006). As
far as we know, this is the first existing method that detects all the behaviors
simultaneously giving us the opportunity to generate a complete behavioral map
of worm behavior. The heterogeneity observed in the ethograms suggests that
C. elegans presents a complex behavioral pattern that changes from individual
to individual. Further studies at a quantitative level should be done to study
the behavioral heterogeneity observed to shed light on the different movement
strategies used by the population;
The classification of crawls into lines, open arcs, closed arcs and loops extends
the work by (Kim et al., 2011) that showed that C. elegans crawls are composed
by shallow turns and that these are used as a reorientation mechanism. It also
supports the hypothesis presented in the work by (Stephens et al., 2010) that C.
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elegans movement cannot be seen as a ’run and tumble’ model where continuous
straight movements are interrupted by tumbles that reorient the organism. The
presence of arcs and loops shows that crawls are more than only continuous
straight lines and suggest that the curvature of these behaviors might have an
important role in reorientation and exploration processes;
The knowledge of the precise start and end time positions of the behaviors is
crucial to conduct detailed analysis on the properties of these behaviors. As far
as we know, this is the only study that provides a validation for the start and
time positions for each one of them.
In summary, we presented new semi-automatic methods for behavioral
classification based on morphological features, on head and tail recognition and on
geometric properties of crawl curves. Our method shows high accuracy results in
detecting the different worm behaviors and provides us with a complete behavioral
dataset of the motor behavior of C. elegans. The development of this method
and the generation of this behavioral dataset promises the enhancement of the








Organisms move in space to search for food, hide from predators, find shelter and
look for mates. Survival depends on the different search strategies which animals
use in order to accomplish these tasks successfully. The different strategies used
depend not only on the internal state of the organism but also on external
factors. The efficiency of these strategies depends on the information that animals
have about their environment. As available information decreases, animals
must attempt to increase their chances of locating resources by heterogeneously
sampling their surroundings and by adjusting the balance between local and
non-local exploration. In these situations, animals will have to rely on the
stochasticity of the search they are generating. When organisms have incomplete
information about their environment, some important questions arise about
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searching strategies: What strategy would be most efficient in order to find a
target? How complex can this strategy be? A common model used to describe
the searching movements of organisms is the random walk, in which the duration
and direction of the forward movement of the organism is chosen randomly
(Okubo, 1980), (Bovet & Benhamou, 1988), (Berg, 1993), (Turchin, 1998). A
large body of work has shown that individual movement patterns characterized
by certain statistical properties exhibit a higher success rate. For example, the
probability distribution of time intervals between turns strongly determines the
diffusive properties of movement (Bartumeus et al., 2005; Viswanathan et al.,
2011). Recent theoretical work has suggested that Lévy flights, that are a special
class of random walks whose step lengths are best described by a power law,
are the optima for targets that repopulate at the same location after a period
of time (Viswanathan et al., 1999), (Bartumeus et al., 2008). However, since
behavior and movement are constantly influencing each other, there is an intrinsic
link between these two. The behaviors carried out whilst moving may affect
the efficiency of searching and can be studied statistically by using the notion
of intermittent locomotion (Kramer, 2001). This type of locomotion assumes
that animal motion is discrete with interruptions in the forward movement
(e.g. stops, turns, strong changes in speed, etc.) that provide opportunities
for changes in direction. Therefore, the animal can alternate between a local
random search and a faster linear movement, in which the linear movement
stops at random times giving the animal the chance to initiate a new phase in a
completely random direction. However, while theoretical studies have shown that
intermittent behavior is an efficient searching strategy on its own (Bénichou et al.,
2005, 2006), in combination with a power law relocation phase (Lomholt et al.,
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2008) or incorporated in a correlated random walk combined with a power law
distribution (Lévy-Modulated Correlated Random Walk - LMCRW) (Bartumeus
& Levin, 2008), detailed experimental studies on intermittency are increasing
(Bazazi et al., 2012; Boettiger et al., 2011; Mashanova et al., 2010; Owen-Smith
et al., 2010; Reynolds & Frye, 2007).
In this chapter, we examined the links between intermittent locomotion,
reorientation behavior and stochasticity to study the mechanisms used by
organisms to search in an environment with no available resources. We used
the nematode C. elegans as a model system and its behavioral movement
was tracked (the tracking was done by William Ruy’s team @ Lewis-Sigler
Institute for Integrative Genomics, Princeton University, Princeton, USA) using
a sophisticated microscope that recorded its position and image of the body at
a very fine temporal resolution for 30 minutes. Under such an environment and
following intermittent locomotion theory, we examined the worm’s stereotypical
behaviors and provided an understanding of the role of these behavioral events
(characterized in Chapter 2) in generating different searching strategies.
3.2 Materials and Methods
1. Center of mass analysis. The center of mass data consists of a sequence
~rj of pair of coordinates (in pixels) 0.25 seconds apart:
~rj(t) = (x(ti), y(ti))j, i ∈ [1, tn], j ∈ [1, rn]
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where rn = 52 and tn = 6440 correspond, respectively, to the number of
experimental runs and to the number of image frames (data points) in each
run. The time series coordinates ~rj(t) were smoothed using a third-order
polynomial in a running window spanning of ±5 data points. Using the
smoothed positions, the following calculations were carried out:
• Displacement between any two positions ~sj was defined by:
~sj(τ) = ~sj(n∆t) = ~rj(t)− ~rj(t− 1), i ∈ [1, ls] (3.1)
where ~sj = (xi, yi) and ls is the length of the smoothed trajectory.
• Absolute angles αj (local tangent angles) to measure consistently the
angular orientation of the trajectory with respect to a single line of
reference, the y axis:
αj(ti) = arctan2[(y(ti)− y(ti−1)), (x(ti)− x(ti−1))], i ∈ [1, rn] (3.2)
corrected by± 2pi if the changes between consecutive angles were larger
than pi.







cos(αji − αji−1), i ∈ [1, tn]. (3.3)
2. Reorientation behavior analysis. C. elegans reorientation behaviors are
quite different from each other in terms of displacement and directionality.
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The following methods were used to study the impact of reorientation
behaviors (in comparison to crawls) on the direction of motion and to
unravel the role of each one of the reorientations on the overall directionality
of the worms movement. To quantify the intermittent locomotion of C.
elegans and to assess the role of reorientation behaviors in determining
the overall direction of motion, we computed the a) distribution of turning
angles (TAs) between behaviors; and b) the angular correlation of the center
of mass time series:
a. Distribution of TAs: To compute the turning angles between the
different reorientation behaviors we combined the center of mass data
with the the behavioral data captured from the images. We fixed the
spatial position of three consecutive reorientation behaviors and we
computed the Euclidean distance between the end of the first behavior
and the beginning of the second one. We computed the absolute
turning angle α1 and we repeated this procedure for the second and
third behavior, computing the angle θ2. Then, we computed the
turning angle θ = θ2−θ1 between the two vectors. These turning angles
were computed between all reorientation behaviors and separately
between each type.
b. Angular correlation based on the center of mass data. The
angular correlation function Cα of the absolute angles α was calculated
from the full trajectory to study the worm’s directionality of motion
over time. The trajectory was divided into running bins of 120 data
points and the angular correlation Cα values were computed for each
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bin and averaged over all the 52 individuals.
c. Angular correlation of crawls versus non-pure crawls. We
sampled from the raw trajectory data (without smoothing) segments
of pure crawls and non-pure crawls. Pure crawls were defined as the
crawl events and the non-pure crawls were defined as a sequences of
random segments of the trajectory of the same size as pure crawls
(Figure 3.1-B). After being sampled from the trajectory, the segments
(of both pure crawls and non-pure crawls) were smoothed using a third
order polynomial. Angular correlation Cα was computed for each
segment of the trajectory using a sliding window of size 30 frames
(12 seconds) and averaged over all the segments. Sequences with the
lengths of each segment were used in a null model to validate the data
analysis. We performed a MonteCarlo (MC) analysis of 499 iterations
and computed the angular correlation Cα of random segments of the
trajectory of the same length as the original crawl data. For each MC
iteration, the sequence of segment lengths was shuﬄed and the initial
sampling position was randomized to increase the variability on the
sampling process. This procedure was repeated for all the worms and
standard error bars of the mean of Cα were computed for each window
size.
d. Angular correlation of pure crawls versus crawls separated by
specific reorientations We sampled from the raw trajectory data
(without smoothing) all segments of crawls interrupted by a specific
reorientation type (e.g. crawl-reversal-crawl-reversal-crawl), then we
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smoothed them using a third order polynomial and computed their
angular correlation Cα. In the null model, we did a MC analysis of 499
iterations and computed Cα of random segments of the trajectory of
the same length as the crawl data interrupted by specific reorientations.
For each MC iteration, the sequence of segment lengths was shuﬄed
and the initial sampling position was randomized. This procedure was
repeated for all the worms and standard error bars of the mean Cα
were computed for each window size.
3. Temporal behavioral analysis. Using the complete mapping of the
stereotyped behaviors and the classification of crawls into different types,
we studied how worms adopt different behavioral strategies over time.
We computed the mean crawl length of all worms, as well as the mean
number of reorientations and crawl types. Each experiment was divided
into consecutive bins of 120 frames (30 seconds) and the number of
reorientations, the crawl length and the number of crawl types were counted
and averaged in each bin. To be consistent with the measure of crawl length,
only the number of reorientations and the number of crawls that ended
inside of each bin were counted. The results were averaged per bin over the
52 worms.
4. Statistics of time intervals. In order to understand the statistical
properties governing the worm’s movement, we analyzed the distribution
of time intervals between all reorientation behaviors (length in frames of
crawls) and between each of the different reorientation behaviors (number
of frames between the end of a specific reorientation behavior and the
57
3. CAENORHABDITIS ELEGANS STOCHASTIC SEARCH
STRATEGIES
beginning of the next one of the same type) for each worm. The theoretical
model stretched exponential was fitted to all distributions:
p(x) = A exp(−(x/θ)β), a ≤ x ≤ b (3.4)
where θ and β are defined, respectively, as the rate parameter and as the
stretching exponent parameter of the distribution. A stretched exponential
function is a generalization of the exponential function with one additional
parameter, the stretching exponent β. With β = 1, the exponential function
is recovered. With values of β between 0 and 1, the distribution departs
from the exponential distribution. A mathematical description of this model
can be found in the Appendix B (section B.1) and the statistical analysis
was performed using code written in R, bbmle package (Bell Labs, NJ).
3.3 Results
Worms exhibit reorientation behaviors 50% of the time and forward movements
in the other 50%. The frequency of different reorientation behaviors varies:
pirouettes and omegas are the most frequent behaviors and account for 34%
and 32% of the total number of reorientations, respectively. Reversals account
for 28% and pauses for only 6%. Regarding crawl types, the most frequent
behaviors are lines and open arcs (55% and 27%, respectively) followed by closed
arcs and loops with lower frequencies (12% and 6%, respectively). In order
to understand the mechanisms used by C. elegans to optimize its search, we
quantified 1) its directionality over time to identify the behaviors responsible for
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Figure 3.1: Reorientation behavior analysis. A. Angular correlation function
as a function of time (in minutes) along the trajectory. The trajectories were
divided into running bins of 120 data points and the angular correlation values
were computed for each bin. B. Comparison of angular correlation values of
forward movements (pure crawls) (black line with circles) with the average
angular correlation value of a Monte Carlo analysis (499 times) of random
trajectory segments (random crawls) similar in size as the pure crawls (dashed
line). The error bars represent the standard deviation of the Monte Carlo
simulation results. C. Average number of reorientations (black circles) and
average crawl length (empty circles) over time (in mins). The runs were divided
into running bins of 120 frames and the reorientations that ended within each
bin were counted. D. Probability distribution of time intervals between all
reorientations. These data are well fitted by a stretched exponential. Data are
from all the 52 trajectories.
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changes of direction; 2) its individual behavior over time to identify possible
temporal strategies; 3) its stochastic behavior over time to characterize the
temporal statistical properties of movement.
Directionality analysis
To assess the role of reorientation behaviors in determining the overall direction
of motion, we computed the distribution of TAs that each reorientation behavior
generates and the angular correlation Cα(τ) of worm trajectories. With these
analyses, we can check which behavioral events (crawls or reorientation behaviors)
impact the direction of motion and how much each behavior contributes to
break the motion in a new direction. Our analysis of the angular correlation
of the trajectory (Figure 3.1-A) shows that, on average, the trajectory of the
different worms is more sinuous at the beginning of the experiment.This finding
suggests that worms start exploring the new environment by using high number
of reorientation behaviors and as time goes by they reorient less adopting a more
straighter searching strategy. To disentangle the role of the behavioral events on
the direction of motion, we divided the analysis in two parts: 1) study of the
effect of reorientation behaviors and crawls on the direction of motion (Figure
3.1-B); and 2) study of the role of each reorientation behavior in the direction of
motion (Figure 3.2 and Figure C in Appendix C). Angular correlation analysis of
pure versus non-pure crawls (Figure 3.1-B) shows that Cα values of pure crawls
are higher and decay more slowly than of non-pure crawls showing that the
directionality of the former on average is higher and maintained for longer periods.
This result means that reorientation behaviors (that are present in non-pure
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crawls) have a higher impact in breaking up the previous direction of motion than
pure crawls (directly from Figure 3.1-B), we see that Cα,t0(pure crawls) = 0.7
versus Cα,t0(non pure crawls) = 0.57, loss of directional memory (pure crawls)
= 75 secs, loss of directional memory (non-pure crawls) = 55 secs).





































Figure 3.2: The role of reorientations in the direction of motion. Black
lines correspond to the angular correlation function of a consecutive sequence of
crawls with a specific reorientation behavior: A. crawls with reversals; B. crawls
with omegas; C. crawls with pirouettes; D. crawls with pauses.
To disentangle the role of each reorientation behavior in the direction of
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motion, we repeated the angular correlation analysis for each crawl interrupted by
a specific reorientation and compared it with a random segment of the trajectory
of equal size. Figure 3.2 shows that there are different contributions of each
behavior to the loss of angular correlation. The distance between the lines of
crawls with reorientations and the null model (random segments of the trajectory)
show how strong the contribution of each behavior is towards changes in direction.
The further the lines are from each other, the more the contribution of the
reorientation behaviors is evident. If they are very close to each other, this
means that adopting a strategy of crawls with a specific reorientation type or
adopting a total random strategy (where any reorientation behavior can occur) is
the same, unlike the other cases. The angular correlation of crawls with pirouettes
is lower than the angular correlation of the null model (output of a MC simulation
of random segments of the same size as the crawls with pirouettes and with
error bars showing the standard deviation of the mean of the 499 iterations) as
shown in Figure 3.2-C. This means that a searching strategy with only crawls and
pirouettes is much more sinuous than a random strategy where any reorientation
behavior can occur. In terms of directionality, using a strategy with only omegas
and crawls or a random strategy is almost the same (Figure 3.2-B). A strategy
using crawls with reversals or pauses would make the worm diffuse more than a
random one Figure 3.2 A-D). Therefore, pirouettes contribute more to the loss
of angular correlation followed by omegas, reversals, and finally pauses. These
results are also supported by the direct comparison of angular correlation of crawls
interrupted by specific reorientation types (Figure C in Appendix C).
We also computed the turning angles that each reorientation behavior causes
when it breaks a forward movement. Figure 3.3 shows that reversals are not
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Figure 3.3: The distribution of turning angles generated by each
reorientation behavior: reversals (A), omegas (B), pirouettes (C) and pauses
(D) computed from the analysis of 52 worms during 27 minutes assay. To
compute the turning angle (TA) between the different reorientation events we
combined the center of mass data with the the behavioral data captured from
the images. We fixed the spatial position of three consecutive behavioral events
and we "mimicked" a straight line between the end of the first behavior and the
beginning of the second one. We computed the absolute turning angles θ1 as
described in section 2-a) (Materials and Methods) and we repeat this procedure
for the second and third behavior, computing the angle θ2. Then, we computed
the turning angle θ = θ2 − θ1 between the two vectors. These turning angles
were computed between all reorientation behaviors and separately between the
different types of behaviors.
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responsible for sharp turns of direction, maintaining their previous direction most
of the time. Turning angles after omegas are sampled from a distribution that
resembles a uniform one, which means that after an omega turn, worms can move
in any direction. Pirouettes are responsible for the largest changes in direction
while pauses generate the smallest ones.
3.3.2 Time series analysis
In order to understand the worm’s searching strategies, we studied how the
number of reorientation behaviors and the crawl length changes over time
(one measure is related to the other since there is always a crawl between
two reorientation behaviors). The mean number of all reorientation behaviors
decreases while the mean crawl length increases over time (Figure 3.1-C) meaning
that worms start exploring their environment by doing more reorientations with
shorter crawls (doing an area restricted search) and later diffuse by doing longer
crawls and less reorientation. From Figure 3.4-B we observe that for all worms,
the decrease in number of reorientations can be explained by the number of
pirouettes and reversals, while the number of omegas and pauses remains constant
over the entire experiment. F-test analyses on the slope values for omegas and
pauses were not statistically significant (Figure 3.4). These results were robust
to changes in bin size used to count and average the number of behaviors. Figure
3.4-A shows that the decrease of the number of crawl types can be explained
mainly by the number of lines and arcs, while the number of loops remains
constant over the entire experiment. F-tests analyses were made on the slope
values, and the slopes for loops were not statistically significant (Figure 3.4).
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Figure 3.4: Time series analysis of behavioral events. Regressions of
reorientation (A) and crawl (B) behavioral frequencies over time during the
experiment. Each behavioral event for the real data (+sign) and regression lines
are shown in a different color and are averaged per bin across all runs. The slopes
s of the regression lines are the following: (A) s(reversals) = −0.010090 (blue),
s(pirouettes)=−0.020145 (orange), s(omegas)=−0.002111 (cyan) and s(pauses)
=0.000372 (red); (B) s(lines)=−0.015631 (dark blue), s(open arcs) =−0.004268
(green), s(closed arcs) =−0.001772 (orange), s(loops)=0.000446 (dark red). The
slopes that are not statistically significant are shown in bold.
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3.3.3 Statistics of the intervals between reorientation
behaviors
We collected all the time intervals between successive reorientation types
exhibited by worms during 27 minutes of observation and found out that
the interval distribution between reorientation behaviors are consistent with
a theoretical distribution stretched exponential (Figure 3.1-D). For the model
fitting of the time intervals between reorientation behaviors, we computed
the number (N) of time intervals between all reorientation behaviors (rb A),
between only reversals (rb R), between only omegas (rb O) and between only
pirouettes (rb P). We computed the stretched exponential parameters (θ and
β), the 95% confidence intervals of the estimated parameters (θmin, θmax, βmin
and βmax); the log-likehood function (LogLik) and the AIC values (see Table
3.1). The distribution of time intervals between reorientations decays more
rb N θ θmin θmax β βmin βmax LogLik AIC
A 2534 8.17 6.61 9.89 0.64 0.59 0.68 -13736.36 27476.71
R 1198 43.06 34.33 52.47 0.78 0.75 0.80 -7892.72 15789.44
O 704 10.11 5.70 16.06 0.52 0.45 0.59 -4422.72 8849.44
P 783 35.00 27.02 43.58 0.83 0.80 0.87 -4886.71 9777.41
Table 3.1: Results of model fitting for the entire experiment (27 mins).
slowly than an exponential distribution and their pdf exhibits a tail behavior
extending to very large values (these are the so called fat-tail distributions).
This phenomena increases the variability of the strategies used and, therefore,
influences the searching process. This distribution presents a clear curvature in
the log-log plot while exhibiting a relatively large apparently linear behavior.
Since there are different types of reorientation behaviors with possibly different
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functions, we also computed the time intervals between each type of reorientation.
During the time interval between reorientations of the same type, several other
reorientations might be present and there may exist a relationship between the
different reorientation behaviors. As a first approximation, we assumed that
reorientation behaviors are states that are independent of each other and we
computed the lag times and respective probability distributions of the intervals
between the same reorientation type. These distributions are also consistent
with a stretched exponential model and the log-log plots of the empirical data
and the fitted model are presented in Figure 3.5. The empirical interval
distribution may thus be described by two parameters: the β parameter that
tell us how far away the distribution is from the pure exponential distribution
and the parameter θ that is the scale characteristic of the distribution. By
comparing the parameters of the distribution of time intervals between successive
reorientation behaviors of the same type, we observe that omegas differ from
reversals and pirouettes since they occur at a different time scale. Omegas (with
θΩ = 10.11, CIΩ = [0.45 − 0.59]) occur more frequently than pirouettes (with
θpir = 35.00, CIpir = [27.02 − 43.58]) and these more frequently than reversals
(with θrev = 43.06, CIrev = [34.33 − 52.47]). There is a slight overlap between
reversals and pirouettes’ CIs but the difference between the two behaviors’
characteristic scales is still very evident. The distribution underlying the time
intervals between omegas deviates more from the exponential (β = 0.52), showing
a fatter tail and presenting more variability. The distribution of time intervals
between reversals and between pirouettes also depart from the exponential. The
distribution regarding pirouettes presents less variability than that of reversals.
As the mean rate of reorientations decreases over time (see section 3.3.2), we
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Figure 3.5: The distribution of time intervals between each reorientation
type. Log-log plots of the distribution of time intervals between only reversals,
only omegas and only pirouettes for the 27 minutes of experiment. The theoretical
model stretched exponential was adjusted to the three empirical distributions.
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also compared the statistics of the reorientations in two observation periods:
[0-13.5] minutes and [13.5-27] minutes of the experiment. All the distributions
were also better fitted with the theoretical stretched exponential model and the
characteristic rate (θ) for all reorientation cases decreased from the first to the
second part of the experiment (see Figure C in Appendix C). Also, in the second
part of the experiment, the parameter β of the stretched exponential is smaller in
all cases. This means that the deviations from the exponential are more abundant
in the second part and larger time intervals can occur with a greater probability,
thereby generating more variability in the strategies used.
3.4 Discussion
Search is the process that organisms use to find an object of interest (food,
mates, shelter, etc.) and it is a universal behavior in all species of organisms
from bacterial cells to blue whales. There are two types of search: systematic
and random search (Bartumeus et al., 2005). Systematic search occurs when
animals have information about the environment (e.g. mental maps or migratory
routes) and random search occur when the animal does not have any information
about its surroundings. Uncertainty is the key ingredient of a random search
and when it is high, animals will have to rely on stochastic strategies to optimize
their search and cover the environment in the most efficient way possible. A
lot of work has been done in the study of optimal random search strategies.
Animal movement has been modeled using non-correlated random walks (Okubo,
1980), biased random-walks (Berg, 1993) and later Levy flights (Viswanathan
et al., 2000, 2002). These models have been widely used to the study of animal
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movement, but only consider turns and the steps between them, not accounting
for the real behavioral state of the organism. Behavior is directly connected
to movement and models that incorporate behavioral intermittency can provide
great insights into fundamental questions in ecology like depicting the behavioral
mechanisms responsible for an optimal search in an uncertain environment and
extrapolating from individual movement to population patterns of behavior.
C. elegans despite its physiological and neuronal simplicity presents a quite
complex behavior. Worms explore their environment by doing a series of of
forward movements interrupted by reorientation behaviors. Our findings show
that worms exhibit behaviors which change in frequency over time, and have
very strong statistical features. Firstly, reorientation behaviors affect the angular
correlation of the worms’ trajectories (much more than crawls) and pirouettes
are the behaviors that contribute the most to new changes of direction. This
result suggests that pirouettes play a major role in the searching process at a
local scale. Previous work has described omegas as the behaviors that generate
the largest changes in direction (CROLL, 1975; Gray et al., 2005; Wallace, 1969),
however, in these studies, pirouettes were not included as a discrete behavior and
all the omegas alone and present in pirouette behaviors were counted as single
behaviors. Secondly, worms use dynamic temporal strategies. Worm behaviors
change dynamically and only a subset of behavioral events decreases over time,
governed by some time-dependent information. The rate of performing omegas,
pauses and loops remains constant, while the rate of pirouettes, reversals, lines
and arcs gradually decrease over time. Pauses are used to scan the environment
before the worm uses other reorientation behaviors to change direction. The result
that reversal and pirouette behaviors change over time supports previous work in
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which worms separated from food exhibit an initial period of high turning rates
and shorter periods of forward movement (at the beginning of the experiment the
crawls are shorter) (Gray et al., 2005; Hills et al., 2004). In this scenario, worms
extensively search their immediate surroundings without wandering far way. As
the experiment progressed, the frequency of all pirouettes and reversals decreased,
the length of crawls increased and the animal started moving in a long, relatively
straight path. This strategy may allow the worm to disperse to distant sources
of food. In terms of reorientations, these two temporal patterns (decreasing
rates of reversals and pirouettes, and constant rates of omegas) suggest that the
animal exhibits two behavioral clocks: one that is information driven (external
or internal) and another one related to non-informed basal behaviors. (de Bono
& Bargmann, 1998b; Gray et al., 2005; Hills et al., 2004; Sawin et al., 2000)
have all shown that the presence of food affects many aspects of C. elegans
locomotion. In our experiment, worms were in an agar plate with food before
being placed in the food-free agar plate, so the area-restricted search behavior
that we observe at the beginning of the experiment might be related to memory
that worms had from the previous place on which they were feeding. As time goes
by, the worm looses its memory, and the uncertainty of the environment leads
it to rely on a more basal, probably less informed behavioral clock (that is time
constant behavior: omegas that can generate a new turn in any direction). The
decreasing rate of pirouettes are related to the fact that pirouettes are regulated
by sensory experiences (Pierce-Shimomura et al., 1999b). During chemotaxis, the
frequency of pirouettes adapts to changes in the stimulus, decreasing considerably
after several minutes. By contrast, in exploratory behavior, after removal from
food, the rate of pirouettes decreases gradually (Gray et al., 2005). Reversal
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behaviors decrease over time even more gradually than pirouettes, which can be
associated to previous findings that suggest that reversals are more avoidance
than searching behaviors (Zhao et al., 2003). Worms exhibit a reversal behavior
in response to a touch on the head, a decreasing gradient of attractive odorant and
in response to moving off an agar with food (Zhao et al., 2003). Therefore, worms
in our experiments reverse more at the beginning because they were placed in a
different environment to where they were previously. Thirdly, the distribution
of time intervals between successive reorientations and per behavior can be well
described by a stretched exponential distribution. We also fitted the double
exponential model to the data observed in crawling worms (Gray et al., 2005;
Pierce-Shimomura et al., 1999b; Shingai, 2000) and swimming worms (temporal
turning analysis in swimming worms). However, in general the best fit to the data
was the stretched exponential for all distributions considered. The distributions
of the second part of the experiment seem to deviate more from the exponential
distribution than of the first part which means that the variability of strategies
of C. elegans increase as the experiment progresses. This result, together with
the temporal analysis of behavioral events shows that C. elegans adopts a set
of complex and dynamic strategies that can generate different spatial patterns
(local vs non-local search) and consequently results in different search efficiency
outcomes. A quantification of these outcomes (area covered, percentage of targets
found, searching efficiency) is needed to fully characterize and generate universal
principles of animal searching strategies.
In summary, we have shown that C. elegans, despite its simple anatomy and
physiology presents very complex behavior while searching in an homogeneous
environment. C. elegans exhibits a strong intermittent behavior where forward
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movements are broken by discrete punctuated (reorientation) behaviors. In
addition, C. elegans ’ motion shows two movement modes: the worm shifts
gradually from a local random search mode to a non-local one in which its
searching area is enlarged. C. elegans also uses two sets of behavioral events
that have distinct temporal characteristics and that are used for local and
non-local explorations. Forward movements between reorientation behaviors







The nematode C. elegans, despite its simple nervous system, presents a very
complex locomotory search behavior characterized by two types of movements:
reorientations and crawls. Each presents temporal variation and contribute
differently to the sinusoidal properties of movement (Chapter 3). Reorientations
are classified into reversals, omegas, pirouettes and pauses, and the different
crawls are characterized by lines, open arcs, closed arcs and loops. The number
of omegas, pauses and loops is constant over time for the worm population, while
both the number of reversals and pirouettes decreases over time. The sinuosity of
a path describes the amount of turning in a given space or time. It is important
to study the sinuosity of observed paths and reorientation behaviors in order to
understand the processes involved, estimate the area searched by an organism
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and predict spatial dispersion. The study of these properties is fundamental for a
better understanding of animal’s decision making process and how it affects the
searching process.
Both reorientation and crawl events are very important factors during the
searching process, they reflect the accuracy with which an individual searches a
given area. Searching strategies with reorientations originating large changes of
direction separated by short crawls provoke an area-restricted (intensive) search,
while strategies with no changes of direction and long crawls induce a broader
search. By looking at the behavioral repertoire used by each individual, my
collaborators and I identified large variability among the population: some worms
use more of certain type of reorientations or crawls than others (Chapter 2).
The heterogeneity observed (in both the frequency and length of behaviors) in
different worms suggests that these differences may be related with the use of
different searching strategies that might produce different searching outcomes.
Previous work has considered the movement of C.elegans (Biron et al., 2008;
Faumont & Lockery, 2006; Gray et al., 2005; Ramot et al., 2008b) to be similar
to that of Escherichia coli (E. coli) (Berg, 1993), consisting of long straight,
forward movements interrupted by "tumbles", which initiate changes of direction.
However, recent work by (Kim et al., 2011; Stephens et al., 2010) has shown
that continuous forward movements (crawls) and "tumble" both play a key
role in changes of direction. Stephens & colleagues (Stephens et al., 2010), by
looking at the correlation between angles during a crawl of C. elegans, showed
that reorientation events alone cannot explain the short decay times of the
directional persistence, suggesting that, indeed, changes in the orientation angle
occurring in between behaviors must play a key role. In addition, (Kim et al.,
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2011) demonstrated that the worm executes a shallow turn by modulating the
amplitude and wavelength of its curvature during forward movement, initiating a
pronounced change of direction. Some interesting question to ask are: Why does
this variability exist? Can we find any behavioral patterns (regularities) in this
variability? And how are they characterized?
The goal of this chapter is to look, as a first approximation, for regularities
in the population, characterize the properties of these regularities and explore
possible correlations between the different behavioral events. To characterize
the population regularities, we will characterize the search strategies of each
individual and look for similarities between individuals. We hope these studies
will contribute to a better understanding of individual variability and of the
complexity of animal searching strategies.
4.2 Materials and Methods
4.2.1 Variability
In order to quantify the variability found in the population of individuals, we
computed the relative proportion of occurrence of each reorientation behavior:
reversals, omegas, pirouettes and pauses. Since there is a crawl between any two
reorientation behaviors, they occupy, on average, 50% of the number of behaviors
that each worm performs. So, we eliminated all crawl behaviors and computed
the normalized proportion number of reorientation behaviors for each worm. If
a worm uses all possible reorientation behaviors with the same frequency, then
the proportion value for each one of the four reorientations is 0.25. However, if a
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worm uses more a specific type of reorientation behaviors than others, then that
proportion value is above 0.25. So, using this behavioral measure, we used two
different methods to study the variation in the frequency in terms of reorientation
behaviors found in the population: Then, to look for patterns, we applied the
following clustering methods:
1. Maximum proportionWe computed the highest relative proportion value
of reorientation behaviors to classify worms in different types according to
these values and applied the following procedure:
(a) Let a worm wi, i ∈ [1, 52] be characterized by the tuple of the
4 proportions of each reorientation behavior: wi = {p1, p2, p3, p4},
respectively for reversals, omegas, pirouettes and pauses.
(b) Let bt be the behavior with highest proportion value pmax where
pmax = max(pk), k ∈ [1, 4] for the worm wi, i ∈ [1, 52]. If pm ≥ 0.25,
then the type T of the worm wi will be bt : T (wi) = bt.
(c) If none of the behaviors performed by a specific worm wi reach a
pm ≥ 0.25, then the worm wi is classified as not having a specific type,
T (wi) = {}.
(d) Repeat the points above for all worms wi, i ∈ [1, 52].
For example, if the proportion of pirouettes performed by the worm is at
least 0.25 and if this is value is the highest proportion value, then the worm
will be classified as a ’pirouette worm’.
2. Hierarchical behavioral clustering. This clustering method groups the
proportion reorientation data over a variety of scales by creating a cluster
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tree. The tree is composed by a multilevel hierarchy, where clusters at
one level are joined as clusters at the next level. We used agglomerative
clustering that is a bottom up approach where each observation starts in its
own cluster, and pairs of clusters are merged as one moves up the hierarchy.
To perform agglomerative hierarchical cluster analysis, we followed the
procedure below:
• Find the similarity between every pair of worms in the population.
Let us consider xs and xt the vectors with the proportion values
correspondent to worm s and worm r, respectively. To study the
similarity between worm r and worm s, we computed the distance
between them using correlation distance that corresponds to one minus
their sample correlation, defined as follows:
dst = 1− (xs − x¯s)(xt − x¯t)
′√
(xs − x¯s)(xs − x¯s)′
√














j = [1, n] and n = 4 that corresponds to the number of reorientation
behaviors.
Once the distances between the different worms was determined, they were
grouped into a binary hierarchical cluster tree. To do so, pairs of worms
that were in close proximity were linked to each other, forming new clusters
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that will be grouped into larger clusters until a hierarchical tree is formed.
To measure the distance between clusters, we computed the unweighted










where nr and ns represent the the number of worms in clusters r and s,
respectively, while xri is the ith worm in cluster r and xsj is the jth worm
in cluster s.
To validate the clustering method, we measured how faithfully the tree
represents the dissimilarities among observations. We computed the cophenetic
correlation coefficient that is defined as the linear correlation coefficient between
the cophenetic distances obtained from the tree and the original distances used
to construct the tree. The cophenetic distance between two observations is
represented in a dendrogram by the height of the link at which those two
observations are first joined. The magnitue of this coefficient should be very








where Yij is the distance between the worm i and j in Y , Zij is the cophenetic
distance between worms i and j and y and z are the average of Y and Z,
respectively. The result of the hierarchical clustering analysis will be shown in
a dendrogram plot that consists of many U-shaped lines connecting clusters in a
hierarchical tree. The height of each U represents the distance between the two
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clusters being connected. The leafs of the dendogram correspond to the worms
ids. Each leaf can correspond to more than one worm.
4.2.2 Temporal analysis
The worm dataset was divided into the three main groups: reversal-worms,
omega-worms and piroutte-worms (the fourth group was not considered in
the analysis due to the lack of data). A time analysis of the frequencies of
both reorientation behaviors and crawl types was done for the different worm
subgroups. The mean number of reorientations and crawl types was computed
in the same way it was computed in Chapter 3 for the entire dataset: each
experimental run was divided into consecutive bins of 120 frames (30 seconds)
and both the number of reorientations and of crawl types were counted. Only
behaviors that ended inside the bin were considered. The results were averaged
per bin over the number of worms per each type.
We also computed the statistics of time intervals between reorientations
behaviors separately for each worm subgroup. The distributions of time intervals
between all reorientation behaviors (length of crawls in frames) and between each
of the different reorientation behaviors (number of frames between the end of a
specific reorientation behavior and the beginning of the next one of the same type)
for each worm was computed. The theoretical model stretched exponential was
fitted to all distributions for each worm subgroup. A mathematical description
of this model can be found in Appendix B.
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4.2.3 Connectivity between reorientations and crawls
C. elegans locomotory behavior is composed by reorientation behaviors (reversals,
omegas, pirouettes and pauses) separated by crawl behaviors (loops, closed arcs,
open arcs and lines). Due to lack of data, pause behaviors were not considered
in the following analyses. Furthermore, for terms of simplicity, we focused on
the groups of crawl types that belong to the extremities (loops and lines) and
aggregated the ones in the middle (open and closed arcs) in just one single group
(the arcs group). Three statistical tests were used to study the relationship
between crawls and reorientation behaviors:
1. Independency test by contingency-table analysis.
2. Pairwise independence test.
3. Tukey proportion test.
These statistical analyses are based on proportion values of reorientation and
crawl types. Following (Zar, 2010), we used equivalent versions of the Chi-Square
and Tukey tests to work with proportion values instead of frequencies:
1. Independency test by contingency-table analysis. Our population
consists of two categories (crawls and reorientation behaviors), where p is
the proportion of individuals in one of the categories and q = 1 − p is the
proportion in the other. Using the Chi-Square approximation, we tested the
null hypothesis H0 : p1 = p2 = . . . = pk against the alternative hypothesis















is a pooled proportion, q¯ = 1 − p¯, Xi corresponds to the measurement
observed in category i, ni is the sample population size and χ2 has k −
1 degrees of freedom. The value computed in the statistical test χ2 is
compared with the relevant critical value χ2α,v, where v = (r − 1)(c− 1), α
represents the degrees of freedom of the independence test and r and c are,
respectively, the number of rows and columns of the contingency table. If
the value of the test χ2 is greater than the critical value χ2α,v, then the null
hypothesis is rejected:
if χ2 > χ2α,v, then H0 is rejected. (4.4)
2. Pairwise independence test. To test the independence between a
specific crawl type all and a specific reorientation type B (or vice-versa), we
tested the null hypothesis: H0 : p(A|B) = p(A). We used Z-scores statistics














q¯ = 1− p¯, pˆ1 and pˆ2 are the sample proportions of each crawl/reorientation
type and n1 and n2 are the sample population sizes.
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If the value of the test (Z) is less than −Zα(2) or Z is greater than Zα(2),
then the null hypothesis H0 : p(A|B) = p(A) is rejected, where α is the
significance level and the number 2 represents the two-tailed Z test.
3. Tukey test for proportions. This method is applied in the case of
rejection of the null hypothesis by the Chi-Square approximation test. It is
an analogous method to the Tukey test used to determine specifically which
population proportions are different from which others. To do this, we need
to test all possible combinations of proportion values. There are k(k− 1)/2
different ways to obtain pairs of proportions from a total of k proportions.
The null hypothesis is H0 : pA = pB, where the subscripts A and B represent
each pair of subscripts and the alternate hypothesis is H0 : pA 6= pB. The





where p′A and p′B are the angular transformation of each sampled proportion
(this transformation turns the proportion values with an underlying

























for when the two samples being compared are not of the same size. The
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null hypothesis H0 : pA = pB is rejected if q is equal or greater than the
critical value qα,∞,k:
if q ≥ qα,∞,k then H0 is rejected. (4.10)
where α is the significance level and represents the probability of incorrectly
rejecting at least one H0 (probability of committing at least one Type I
error) during the course of comparing all pairs of proportions.
To check the way in which reorientations and crawls are related (e.g if the
correlation between them is positive or negative), we compared the observed with
the expected frequencies of the contingency table. If the expected frequency is
greater than the expected one, then the traits are positively correlated, otherwise,
they are negatively correlated.
Crawl properties
After studying the relationship between crawl types and reorientation behaviors,
we studied the intrinsic properties of crawls by computing the time (in secs) it
takes to perform a specific crawl, their speed and their sinuosity characteristics:
angular concordance and curvature in the following way:
• time: the number of frames that each crawl type occupies was added and
converted into time in secs (1 second corresponds to 4 frames).
• speed : was computed by calculating ~s = ~dji(n∆t)/n∆t, where rji = (xi, yi),
~dji =
~dji(n∆t) = ~rji − ~rji−n , t = 0.25, and ns = 5, nr = 52 and nf = 6440
correspond, respectively, to the number of smoothed points, to the number
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of experimental runs and to the number of image frames (data points) in
each run.
• angular concordance ra: tests the agreement among absolute angles and is









2, where αji =
arctan2[(yi − yi−1), (xi − xi−1)] measures the angular orientation of the
trajectory with respect to the y axis. The absolute angles were corrected
by ± 2pi if the changes between consecutive angles were larger than pi.
• curvature: the value k of curvature expresses the natural geometry of a
curve. The curvature of a two dimensional curve is related to the radius of
curvature of the curve’s osculating circle defined as k(t) = x
′y′′−y′x′′
(x′2+y′2)3/2 , where
x = a cos t and y = a sin t.
The measures angular concordance and curvature were normalized according
to the following standardization method: x = ~x−xmin
xmax−xmin , where, xmin = min (~x),
xmax = max (~x) and ~x is the vector of values of ra or k.
4.3 Results
4.3.1 Individual variability
The results of the maximum proportion algorithm shows that worms can be
classified into different subgroups: reversal-worms (12 runs) where reversals are
the most frequent reorientation behavior; omega-worms (15 runs) where omegas
are the most frequent behaviors and pirouette-worms (23 runs) where pirouettes
appear more often than the other behaviors (Figure 4.1). There were 2 runs
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in which the maximum proportion value of each behavior did not reach the
minimum value. This means that the proportion values of the reorientations
are balanced (balanced-worms) and that these 2 worms perform equally any




















Figure 4.1: Clustering of individuals by maximum proportion value.
Three major worm subgroups were found in the worm population: reversal worms
(dark blue), omega worms (cyan) and pirouette worms (yellow). The classification
is based on the maximum proportion value of the reorientation behaviors found
in each individual. The y-axis represents the individual worms and the x-axis
represents the proportion values.
based on hierarchical clustering where four groups were also found (cophenetic
correlation coefficient c= 0.8973): group 1 (21 runs), group 2 (14 runs), group
3 (15 runs) and group 4 (2 runs). We compared the groups originated by the
two clustering methods and we found 94% similarity between them, finding high
agreement between the methods.
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Figure 4.2: Hierarchical clustering of worm subgroups. The classification
is based on the proportion values of each reorientation behavior and identified 4
major groups (cophenetic correlation coefficient c= 0.8973). Correlation distance
was used to study the dissimilarity between worms. Average distance was used
to study the relationship between clusters.
4.3.1.1 Time analysis
In order to understand the searching strategies that each worm subgroup uses, we
studied how the number of reorientation behaviors and crawl types changes over
time. From Figure 4.3, we observe that the mean number of all reorientations
decreases over time for all worm subgroups. We also observed that the decrease
in number of reorientations can be explained by the number of pirouettes and
reversals for the omega and pirouette worms, while the number of omegas and
pauses remained constant over the entire experiment. F-test analyses on the slope
values for omegas and pauses were not statistically significant - see Table 4.1.
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ws / event ALL reversals omegas pirouettes pauses
reversal −0.012331 −0.004034 −0.002328 −0.005747 -0.000221
omega −0.005501 −0.001995 0.000740 −0.004450 0.000204
pirouette −0.015942 −0.004125 -0.000798 −0.011241 0.000221
Table 4.1: The time series analysis of reorientations subgroups. Values
of the fitted slopes that represent the rate reorientations change over time. The
values are presented for each worm subgroup (ws). The slopes that are not
statistically significant are shown in bold.
For reversal worms, the decrease in number of reorientations is due to the
decline of thenumber of pirouettes, reversals and omegas, while the number of
pauses remained constant over the entire experiment. These results were robust
to changes in bin size used to count and average the number of reorientation
behaviors.






































































































































































































































































Figure 4.3: The time series analysis of reorientation behaviors per worm
subgroup. Regressions of reorientation behaviors frequency over time during the
experiment for reversal worms (a), omega worms (B) and pirouette worms (c).
Real data (+ sign) and regression lines are colored by reorientation behavior and
are averaged per bin across all runs: all reorientations (black), reversals (blue),
pirouettes (orange), omegas (cyan) and pauses (red).
Regarding crawl behaviors, Figure 4.4 shows that the number of lines and
arcs (both open and closed arcs) decreases over time, while the number of loops
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Figure 4.4: Th time series analysis of crawl types per worm subgroup.
Regressions of reorientation behaviors freq ency over time during the experiment
for reversal worms (a), omega worms (b) and pirouette worms (c). Real data
(+ sign) and regression lines are colored by crawl type and are averaged per bin
across all runs: lines (dark green), open arcs (light green), closed arcs (orange),
and loops (dark red).
ws / event loops closed arcs open arcs lines
reversal -0.0001 -0.0030 -0.0062 -0.0186
omega -0.0005 -0.0033 -0.0039 -0.0117
pirouette -0.0002 -0.0018 -0.0073 -0.0196
Table 4.2: The time series analysis of crawl types. Values of the fitted
slopes that represent the rate of crawl types over time. The values are presented
for each worm subgroup (ws). The slopes that are not statistically significant are
shown in bold.
remains constant over the entire experiment and for the different worm subgroups.
F-tests analyses were made on the slope values and the loops’ slopes were not
statistically significant for none of the different worm subgroups – see Table 4.2.
4.3.1.2 Time intervals between reorientation behaviors
The interval distribution between reorientation behaviors are well described by a
theoretical distribution stretched exponential (Figure 4.5). For the model fitting
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Figure 4.5: Time intervals between all reorientation behaviors for the
different worm subgroups: reversal worms (a), omega worms (b) and
pirouette worms (c).
of the time intervals between reorientation behaviors for all worm subgroups, we
computed the number (N) of time intervals between all reorientation behaviors
(all), between only reversals (rev), between only omegas (Ω) and between only
pirouettes (pir). We computed the stretched exponential parameters (θ and
β), with the confidence intervals of the estimated parameters using a 95%
confidence interval; the log-likelihood function (LogLik) and the AIC values.
We analyzed closely the stretched exponential parameters for the time intervals
between reorientation behaviors for each worm subgroup and we observed
that, for all reorientations case (all), reversal worms are the ones that have
more distinct behavior: 1) all reorientation behaviors in reversal worms occur
almost twice as faster than in the other groups that have a closer time scale
(θall(rev worm) = 5.24 versus θall(Ω worm) = 10.26 and θall(pir worm) = 13.14);
and 2) the distribution underlying the time intervals between all reorientations
departs more from the exponential for reversal worms (βall(rev worm)=0.56) than
for omega and pirouette worms (βall(Ω worm)=0.69 and βall(pir worm)=0.74,
respectively), presenting a fatter tail and more variability in interval length.
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Figure 4.6: Time intervals between reorientation types for the different
worm subgroups. The time intervals between each reorientation type (reversals,
omegas and pirouettes) are computed for the different worm subgroups. The
different worm subgroups are distinguished by color: reversal worms (blue),
omega worms (cyan) and pirouette worms (orange).
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By comparing the parameters of the distribution of time intervals between
specific reorientations across the different worm subgroups (Figure 4.6), we
observe that omegas are the behaviors that occur more frequently in pirouette
and omega worms, while in reversal worms, reversals are the ones that have
lower characteristic scale. However, the θ’s confidence interval for reversals
CIrev(rev worm) = [21.16− 48.37] is a small subset of the θ’s confidence interval
for omegas (CIΩ(rev worm) = [8.60 − 85.99]), which means that omegas are the
ones that can have the smallest but also the highest characteristic frequency.
In omega-worms, the omega characteristic frequency is almost half of the other
two. In the pirouette-worms, reversals occur much more slowly than omegas and
pirouettes that have very similar characteristic frequencies. The distribution of
time intervals between omegas is the one that is more far away from being a pure
exponential for reversal and pirouette worms. In the omega worms, reversals’
distribution is the one that is more far away from being a pure exponential.
However, all the three distributions are very similar since there is a large overlap
between the confidence intervals of omegas and pirouettes and these are subsets
of the confidence intervals of reversals.
4.3.2 Connectivity between reorientations and crawls by
contingency table analysis
To study the association between reorientations and crawls, we studied the
relationship between reorientations R and their (first order) subsequent crawls
Cs (R → Cs) and their (first order) previous crawls (Cp) (Cp → R). These
data are displayed in the contingency tables 4.3 and 4.4, respectively for the
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cases 1.(R → Cs) and 2.(Cp → R), where the c columns of the tables represent
the reorientation categories and the r rows indicate the r crawl categories. Let
pi, i ∈ [1..k] be the proportion values of the population belonging to the different
k categories of the focal variable.
1. Relationship between reorientations and their subsequent crawls
(R→ Cs)
Our hypotheses for this test are the following:
• H0 : Reorientations and their subsequent crawls are independent in
the population sampled.
• HA : Reorientations and their subsequent crawls are not independent
in the population sampled.
Reorientation type
Crawl type Reversals Omegas Pirouettes Total
Loops 36 26 43 105
(25.62) (35.35) (44.03)
Arcs 150 228 293 671
(163.74) (225.88) (281.37)
Lines 233 324 384 941
(229.63) (319.77) (394.59)
Total 419 578 720 1717
Table 4.3: A 3× 3 Contingency table for the independence test between
reorientations and their subsequent crawls (R → Cs). The observed
frequency, fij, in each cell is shown with the frequency expected if H0 is true
(i.e. fˆij) in parentheses.
The results of the Chi-Square test are χ2 = 8.8506, χ20.05,4 = 9.4877,
with p0.05 = 0.0649, and because χ20.05,4 > χ2, then H0 is accepted. So,
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reorientations are independent of their subsequent crawls.
2. Relationship between reorientations and their previous crawls
(Cp→ R)
Our hypotheses for this test are the following:
• H0 : Reorientations are independent of their previous crawls in the
population sampled.
• HA : Reorientations are not independent of their previous crawls in
the population sampled.
Reorientation type
Crawl type Reversals Omegas Pirouettes Total
Loops 40 41 25 106
(34.69) (28.39) (42.92)
Arcs 192 214 267 673
(220.28) (180.22) (272.50)
Lines 329 204 402 935
(306.03) (250.39) (378.58)
Total 561 459 694 1714
Table 4.4: A 3 × 3 Contingency table for testing the independence
between reorientations and their previous crawls (Cp→ R). The observed
frequency, fij, in each cell is shown, with the frequency expected if H0 is true (i.e.
fˆij) in parentheses.
The results of the Chi-Square test are χ2 = 35.7374, χ20.05,4 = 9.4877
with p0.05 = 3.28e−07 and because χ20.05,4 < χ2, then H0 is rejected. So,
reorientations are not independent of their previous crawls.
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The results from points 1) and 2) hold for the independence study between
crawls and their previous or subsequent reorientations since these 9 data could
also be recorded in a 3× 3 contingency table, with the three reorientation types
appearing as rows and the three crawl types as columns. This does not change
the statistical hypothesis test nor the conclusions that result from them.
4.3.3 Pairwise independence test
To study the relationship between a reorientation type Rj, j ∈ [1..3] and a crawl
type Ci, i ∈ [1..3], we performed a pairwise independence test in which we used
the 2-tailed side z-Csore test statist Z (α = 0.05) to test the null hypothesis:
H0 : p(Ci|Rj) = p(Ci) against the alternative hypothesis: HA : p(Ci|Rj) 6= p(Ci).
From Figure 4.7, we observe that omegas are positively related to both loops and
arcs but are negatively related to lines. Reversals have a negative relationship
with arcs, and pirouettes have a negative relationship with loops. All the other
pairwise interactions are statistically independent.
4.3.3.1 Tukey test for proportions
Since reorientations are dependent of their previous crawls (and crawls are
dependent of their subsequent reorientations), we studied their pairwise
relationships. We compared the proportions of all possible combinations between
reorientation and crawl types and determined which combination was significantly
different from the others. Firstly, we show the results of the Tukey test to study
the relationship between reorientations and their previous crawls, and, secondly,
we present the results of the relationship between crawls and their subsequent










Figure 4.7: Results of the pairwise independence test between
reorientation and crawl types. The edges represent the type of relationship
between the states and the states on the left side represent the different
reorientations while the states on the right side represent the different crawl
types. The type of relationship is illustrated by the type of edge: independent
relationship (grey edge), positive dependent relationship (black edge) and
negative dependent relationship (black dashed edge).
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Figure 4.8: Summary of the statistical results of the Tukey test for
proportions. Since reorientations are dependent of their previous crawls we
present the analysis for the two cases: reorientations versus their previous crawls
(Cp→ R) (left diagram) and crawls versus their subsequent reorientations (C →
Rs) (right diagram). The edges represent the relationships between the different
pairs of states (results of a Tukey rank test: black line represents the pair that
is significantly different from the other two, the dashed line represents the pairs




one relationship that is different from the others, or a result that is inconclusive
where the nature of the relationship cannot be depicted. The relationship between
reversals and their previous crawls is inconclusive since p3 6= p2, p3 = p1 and
p2 = p1, where p1, p2, p3 are the proportions, respectively, for loops, arcs and lines
that appear just before a reversal. While lines before omegas are the behaviors
that are significantly different from the others, in the pirouette case, loops are the
ones that play that role. Regarding the reorientations versus subsequent crawls
(case 2), the relationship between loops and pirouettes is statistically different
from the ones between loops and reversals and between loops and omegas, that
are statistically similar. We found similar patterns in the relationship between
both arcs and lines with their subsequent reorientations: the proportion of omegas
after these two crawl types is statistically different from the other relationships
that are similar. More detailed analyses about the connectivity between crawls
and reorientations are presented in Appendix E.
4.3.4 Crawl properties
To study the morphologic and kinetics properties of the different crawl types,
we performed analysis of four different measures: angular concordance (ra),
curvature (k), time (t) and speed (s). From Figure 4.9, we observe that angular
concordance that is very low for loops increases from loops to arcs to lines where
it reaches its maximum value. On the other hand, lines have very small curvature,
followed by arcs and finally loops that can have low values of curvature but also
very high ones. Lines have very low values of curvature followed by open arcs,
closed arcs and loops. The results also show that, on average, the time it takes
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Figure 4.9: Crawl properties. Study of the relationship between A. angular
concordance (ra), B. mean curvature (k), C. time (t) and D. speed (s) for each
crawl type. Boxplots were computed for each measure and for each crawl type.
to execute a line is much smaller than the time it takes to execute an arc or a
loop, and that loops can be executed in short or large times. Regarding the crawl
speed, the results show that there is almost no difference between the different
crawl types.
4.4 Discussion
Our connectivity analysis shows that reorientations and crawl movements are
correlated. However, the order they occur in time is important: reorientations
are correlated with the crawls that happened just before them, but are not
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correlated with the crawls occurring after. This result supports the hypothesis by
(Bartumeus & Levin, 2008) that reorientations might be considered as intended
and specific behaviors that break the direction of motion of the previous forward
movements. In this way, they allow the animal to forget the previous direction of
movement and to move in a completely new direction. The proportion analyses
show us that, indeed, the worms do not use the different behavioral events
in a random way. One behavior, systematically has a different proportion of
occurrence. These proportions can be smaller or larger depending if the behavior
is negatively or positively connected to its previous/following behavior. We also
found that there are three types of relationship between crawls and their following
reorientations: 1) positively correlated (loops and omegas, arcs and omegas); 2)
negatively correlated (loops and pirouettes, arcs and reversals, lines and omegas);
and 3) independent of each other (loops and reversals, arcs and pirouettes, lines
and reversals, and lines and pirouettes). Despite that, there is statistical evidence
that pirouettes are negatively correlated with loops, which are the crawl types
with larger lengths and that should be underused in an intensive search.
According to the cluster analysis on the proportion of reorientation behaviors,
three major groups were detected. We found out that these groups correspond
to worms that are characterized by a large frequency of a specific reorientation
behavior (reversals, omegas or pirouettes) initiating distinct search strategies.
These worm subgroups are denominated by reversal worms, omega worms and
pirouette worms, respectively, and should be thought as distinct phenotypic
variability expressed in the population for the period tested. According to
Chapter 3, each reorientation behavior impacts differently the overall direction of
motion. Following this line of thought, each worm subgroup will be characterized
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by the properties of its most representative reorientation behavior. Since
pirouettes are the behaviors responsible for large changes of direction (generate
high turning angles), pirouette worms will be the ones exploring their environment
more thoroughly than the other types adopting an intensive search strategy.
Omega worms follow a random exploratory pattern where the high number of
omegas lead to all types of changes of direction. Reversal behaviors generate
very low changes of direction, so reversal worms explore they environment in an
extensive way.
The statistical properties of each worm subgroup are characterized by :
1) number of reorientation behaviors decrease over time; 2) number of crawls
decrease over time; and 3) the stretched exponential distribution was a good
fitting model. These properties hold for the different worm subgroups and are
very similar to those of the population. However, the temporal trends identified
in Chapter 2 (characterized by the decline of reversals and pirouettes and by
the constant frequency of omegas over time) were maintained for omega and
pirouette worms but not for reversal worms. Reversal worms also distinguished
themselves from the other two types for having a lower characteristic rate for all
reorientation behaviors (reorientations occur more frequently) and for deviating
more from the exponential distribution, presenting more variability in the crawl
lengths. However, in the cases where the similarity is not evident between the
different worm subgroups, the dissimilarity is also not strongly supported by the
data, which encourages us to suggest that the common properties found between
the worm subgroups are not related to the strategy used by the worm (i.e. number
of a specific reorientation behavior), but are intrinsic to the behaviors themselves.
Pirouette worms perform a high number of pirouettes (behavior that generates
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higher changes of direction) and these are not connected with crawls that have
large length and that have a high contribution to the sinuosity of the trajectory.
Omega worms perform a high number of omegas that are statistically correlated
with loops and arcs. This search is characterized by reorientation behaviors that
can originate any new direction, separated by crawls that have medium and
large length and that have a high contribution to the sinuosity of movement.
Reversal worms perform a high number of reversals and reversals are negatively
correlated with arcs. This means that worms that use a reorientation behavior
that generates low changes of direction also use crawls with a medium length
and a medium contribution to the sinuosity of the trajectory. So, why does
this variability in search strategies exist? There are a number of possibilities:
1) genetic variation among worms (occurrence of mutations across generations
leading to phenotypic variability); 2) strategies could be shaped by individual
searching success. Previously, worms were being fed in a resourced environment
and each individual could have adopted the searching strategy that provided
the maximum yield. C.elegans exhibits a significant capacity to learn and to
remember the environmental features that are associated with the availability
of food allowing the worm to move to more favorable environments; 3) worms
adopted flexible strategies and we captured a transient behavior. It has been
proved that C. elegans is extremely sensitive to the environment displaying
extraordinary behavioral plasticity (Ardiel & Rankin, 2010). These worms could
be using a set of fixed strategies that are used according to the quality of the patch
of food they find or according to the information they have about the environment,
switching to the ’best’ strategy following a trial and error process. More analyses
are needed to study the functional significance of the variability found from a
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search strategy perspective. Furthermore, it is needed to confirm whether the
different worm subgroups hold for (or are consistent over) longer periods of
time and in other environments. These further studies would complement the
present one and would greatly contribute to the understanding of the existence
of individual variability in a population.
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Chapter 5
Spatial analysis of Caenorhabditis
elegans locomotion
Animal space use is a critical aspect of population ecology. Several studies
have been conducted at the individual and group levels to identify the factors
affecting the amount of space used by animals. Those factors include landscape
heterogeneity (Johnson et al., 2002; Morales, 2002), seasonality (Schtickzelle &
Baguette, 2003), and animal orientation mechanisms (Seguinot et al., 1998). An
animal’s response to these factors is based on evolutionarily successful behavioral
decisions (Patterson et al., 2008), which in turn, originate different patterns of
space use. Therefore, analysis of the relationship between behavioral decisions
and the spatial patterns generated by them is vital for a better understanding of
individual movement processes and population-level dynamics (Turchin, 1998).
In previous chapters, I and my collaborators showed that different behavioral
events play an important role during the searching process, and the behavioral
events involve different time scales. When focusing on spatial scales, some
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important questions arise: How do animals use the different behavioral events
across space? Is there any relationship between the behavioral events and
the amount of space used? The objective of this chapter is to establish a
mechanistic link between spatial patterns of movement and animal behavioral
decisions using the nematode C. elegans as a model system. By studying
movement patterns and their associated behaviors, we can gain insight into
many of the ecological characteristics and processes important for understanding
population-level dynamics. Recently developed methods like Brownian Bridge
Movement Models (BBMM) (Bullard, 1999; Horne et al., 2007; Kranstauber et al.,
2012; Sawyer et al., 2009) can be used to study the space used by animals (better
known as the utilization distribution UD that is the distribution of an animal’s
position in the plane (Worton, 1989)). BBMM is based on the properties of a
conditional random walk between successive pairs of locations. It depends on the
time and the distance between locations, and the Brownian motion variance that
is related to the animal’s mobility. It assumes the animal is moving following a
random walk movement model between locations and also takes location error
into account. This error term is similar to the KUD smoothing parameter, and
in microscopic tracking it can be considered as the center of mass error of the
object being tracked. After the BBMM is fitted to location data, an estimate of
the animal’s probability of occurrence can be generated for an area during the
time of observation. UD estimation at every location through BBMM has several
advantages over the classical location-based kernel density estimation (KUD). For
example, while KUD method only assesses the spatial arrangement of locations,
BBMM considers the time dependence between them (see (Calenge, 2011) for a
thorough comparison between KUD and BBMM methods).
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The diffusion properties of movement have also played a crucial role in giving a
spatio-temporal dimension to the study of animal foraging and searching processes
(see (Metzler & Klafter, 2000) for review). An important tenet of random walk
theory is the relationship between time and the mean squared displacement
(MSD) of a moving animal. The exponent of this relation characterizes the
behavior of the diffusive process and provides a means of estimating, from
empirical data, the diffusion coefficient α that is used in many mathematical
models of spatial population dynamics and diffusive processes (Codling et al.,
2008). Several studies point to the fact that animals do not simply move
by performing uncorrelated random walks (i.e., pure Brownian motion) where
correlations are lost very quickly and the mean squared displacement (MSD) is
linear with time for most of the observation scales (normal diffusion). Many
animals can perform other types of random walks by varying the time spent
before taking the next step or the length of the step, for which the MSD relates
non-linearly with time (anomalous diffusion) (Bartumeus et al., 2010; Franks
et al., 2010; Gefen et al., 1983). Anomalous diffusion arises due to long-range
statistical dependence between steps in a random walk (failure of the central limit
theorem) and can involve a subdiffusive or a superdiffusive process (Bartumeus
et al., 2010; Franks et al., 2010; Metzler & Klafter, 2000). Superdiffusion
corresponds to the case where the MSD grows superlinearly in time whereas
subdiffusion leads to sublinear scaling in time. Superdiffusion can occur when
animals execute unbroken straight-line paths corresponding to ballistic motion
or dispersal while subdiffusion can arise through divergent pausing times in
continuous time random walks as well as via temporal correlations (Viswanathan
et al., 2011).
107
5. SPATIAL ANALYSIS OF CAENORHABDITIS ELEGANS
LOCOMOTION
We examined the spatial patterns of individuals searching in an homogeneous
environment. More specifically, firstly and using BBMMs (Bullard, 1999; Horne
et al., 2007; Kranstauber et al., 2012; Sawyer et al., 2009), we determined the
amount of space used by the population of 52 worms and explored the link
between behavioral events and the probability of space use. Secondly, for a
better understanding of the relationship between space and behavioral events,
we also determined how the frequencies of behavioral events and the densities
of reorientation behaviors change with distance from the origin point. Thirdly,
we studied the diffusive properties of C. elegans movement based on MSD. With
this study, we provided a quantitative analysis of C. elegans spatial patterns,
established a link between spatial patterns and behavioral processes, and gained
insight into the role of behavioral events in the spatial searching process.
5.1 Methods
5.1.1 Brownian bridge movement model
We used the recently developed Brownian bridge movement model (BBMM)
(Bullard, 1999; Horne et al., 2007; Kranstauber et al., 2012; Sawyer et al., 2009) to
estimate the utility distribution (UD) of a population of 52 worms searching in an
homogeneous environment. The analysis was done during the last 27 mins of the
experiment and the recording was done in an arena of 5.1 cms diameter (BBMM
parameters in Table 5.1). The analysis started by shifting the initial position of
each trajectory to the same origin point (0,0) and overlapping the trajectories




Z Matrix containing x and y location 1000×1000
δ2 Vector of location errors 0.00001
t Vector of timestamps 5
Ttotal Total time of tracking period 27 mins
σ2m Brownian motion variance 1.00001
Table 5.1: Parameters used for the Brownian bridge movement model.
since the data were taken at a high resolution and the spatial positions are defined
as the center of mass of the worm’s body, turning the location error extremely
small regarding the location of the worm. Calculations were performed in R
(RDevelopmentCoreTeam 2010) using the package BBMM (Nielson et al., 2012),
which computed the UDs for the worm population by assigning a probability to
each cell of the created grid (grid = 1000 x 1000 cells, cell size = 0.07 mms).
The probabilities associated to the UD cell matrix sum to 1, given that utility
distributions are probability density functions (Powell, 2000). The probability
density of a Brownian bridge with starting location a and ending location b, at
any point in time from t = 0 to t = T , is
pa,b,Tt (a, z) = φ(z;µ(t), σ
2(t))









and σ2m is the diffusion coefficient related to the mobility of the animal. According
to the method description in (Horne et al., 2007), the expected position of an
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animal that moves randomly between a and b at any point in time from t = 0 to
t = T can be estimated by a normal distribution.
5.1.2 GIS method to analyse individual movement
The Geographic Information Systems (GIS) ((Beyer, 2011) and ArcGis 10
(ESRI)) was used to analyze individual trajectories and the spatial behavior
of single individuals moving in a petri-dish. The spatial distribution of each
behavioral event in relation to the origin point of coordinates was computed.
The analysis was performed using both raster and vector GIS tools.
5.1.2.1 Feature conversion: from frames to behaviors
For each individual, frames were converted into behaviors by transforming
trajectory points into lines (Figure 5.1-A). Individual lines (each individual line
links two frames) were converted into a longer aggregated line and each aggregated
line represents a behavioral event for a particular worm trajectory (Figure 5.1-B).
Lines were converted into points and each point represents a single behavior for
a particular worm (Figure 5.1-C). The procedure was repeated for all behaviors
of all worms.
5.1.2.2 Behavioral raster landscapes
Five different behavior landscapes were created (one for each behavioral event
and a synthetic one for all behavioral events together) to represent the space
used by each behavior type. This was done by converting behavior lines (Figure
5.1-B) into cells in a raster (square geoprocessing extent of 70 mms with a cell
size of 0.07 mms). A positive value (1) was given to those cells that contained a
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Figure 5.1: Feature conversion: from frames to behaviors. Frames
were converted into behaviors by transforming trajectory points into lines (A).
Individual lines (each individual line links two frames) were converted into a
longer aggregated line and each aggregated line represents a behavioral event for
a particular worm trajectory (B). Lines were converted into points and each point
represents a single behavior for a particular worm (C).
line or part of a line for a given behavior (or for all behaviors in the latter case),
whereas the other cells were given value (0). For the 3D visualization of the space
use, reorientation behaviors were visualized in 3D format over probability rasters
with a factor of 1 × 106 to convert probability values (as layer elevation values)
to scene values.
5.1.2.3 Spatial analysis of behavioral events
The analysis was performed within a squared geoprocessing extent of 70 mms,
with the point of origin being the centroid of the square. 500 random points were
placed into the same location but using a smaller extent (65 mms × 65 mms) and
their Euclidean distances to the point of origin were computed. Spatial buffers
with a radius of 2.5 mms were created around each random point. Using spatial
joint methods, both the number of behaviors and the behavior type were stored
within each buffer. Using a smaller geoprocessing extent ensured that the buffers
111
5. SPATIAL ANALYSIS OF CAENORHABDITIS ELEGANS
LOCOMOTION
Figure 5.2: Behavior raster landscapes. Behavior lines were converted into
cells in a raster of 70 mms with a cell size of 0.07 mms. Cells containing lines
were marked with value 1 while the remaining were marked with value 0.
would always be found within the initial geoprocessing extent and, therefore, all
behavior points could potentially be found within a buffer.
5.1.3 Statistical analysis
5.1.3.1 Spatial analysis of behavioral events
Two methods were used to study how the different behavioral events were
positioned across space:
1. Near distances. Once computed the Euclidean distances between the center
point and each one of the behavioral events (reorientation behaviors and
crawl types), the number of all behavioral events was counted in each
consecutive buffer of 2 mms radius from the origin.
2. Density. Using 500 random points of radius 2.5 mms, the number of
reorientation behaviors inside of each circle were counted for each 2 mms
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Figure 5.3: Random point method to determine reorientation behavior
densities. Large circles represent the 500 random circles of radius 2.5 mms. The
small colorful dots represent the different reorientation behaviors of the entire
population. The large yellow circle represents the point of origin.
consecutive buffer away from center. The number of behaviors was divided
by the area occupied (area of the circle) and was normalized by the distance
to the center.
5.1.3.2 Diffusive properties of movement
The diffusive properties of movement are characterized as normal or anomalous.
Anomalous diffusion is a term that describes a diffusion process with a non-linear
relationship to time, in contrast to a typical diffusion process, in which the mean
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Figure 5.4: Different domains of anomalous diffusion. The different
domains are defined through the mean squared displacement and are
parameterized by the anomalous diffusion exponent α : subdiffusion for 0 < α <
1, superdiffusion for α > 1. On the threshold between sub- and superdiffusion is
the normal Brownian diffusion located. Another special case is ballistic motion
(α = 2). Figure credit: (Metzler & Klafter, 2000).
squared displacement (MSD), 〈x2(t)〉, of a particle is a linear function of time.






〈x2(t)〉 ∼ Kαtα (5.2)
where Kα is the generalized diffusion coefficient Kα and α is the diffusion
exponent. Diffusivity domains can be distinguished by analysis of the anomalous
diffusion exponent α: subdiffusion for 0 < α < 1, superdiffusion for α > 1, normal




5.2.1 Utilization distribution (UD) and behavioral events
Figure 5.5: 3D plot of the probability density for the fraction of time
spent in different regions. The spatial positions of all reorientation behaviors
are presented in different colors: reversals (blue), cyan (omegas), pirouettes
(orange) and pauses (red).
Worms navigate their environment by exploring first their immediate
surroundings and after exploring farther areas from their starting point (Figures
5.5 and 5.6). The area explored for individual worms varied from 78.6 mms2 to
924.1 mms2 (with mean=420.21 mms2 and std=207.48 mms2). The population
utility distribution of the 52 worms was obtained using the BBMM with locations
6.3e−03 mms and 1.5 secs apart. Figure 5.5 shows the results in 3D format
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Figure 5.6: Probability density for the fraction of time spent in different
regions with locations of reorientation behaviors. The probability
density (utilization distribution UD) was constructed using the Brownian Bridge
movement model with locations 6.3e−03 mms and 1.5 secs apart. The Brownian
motion variance σ2 was 1mm2. The spatial distribution of reorientation behaviors
is separated by type: a) reversals; b) omegas; c) pirouettes; and d) pauses.
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of the UDs for the population of worms together with all the locations of the
reorientation behaviors. Figure 5.6 shows the UDs for the population of worms
with the spatial distribution of reorientation behaviors separated by type. These
two figures show that worms firstly explore their immediate surroundings (around
the origin point) and then start exploring farther areas where some small areas of
high space use are identified (small hills on Figure 5.5). Despite of these smaller
hot spots, the general trend is that the farthest from the origin point, the less
space is explored. Like the areas of high UD, reorientation behaviors are also
more frequent at the beginning of the exploration process than towards the end,
however, they are still present in the areas of lower space use which motivated
more detailed studies (Table 5.2). Areas of higher UD are more populated by
pirouettes (label c in Figure 5.7-A), followed by reversals and pauses that have
the same median of UD (label a in Figure 5.7-A, p-value: 0.4617, α = 0.01) and
lastly the omegas that correspond to areas of lower UD (label b in Figure 5.7-A).
Crawl types, from another side, present consistency on the UD across crawl types,
except for lines (label e in 5.7-B: Wilcoxon rank sum test result p-value> 0.02,
α = 0.01) that occupy areas of higher UD.
5.2.2 Spatial analysis of behavioral events
To study how worms balance the use of the different behavioral events across
space, we determined the distance from the origin where at least half of the
population of worms is still doing reorientation behaviors. The crossing point
was of 19 mms away from the origin, where past that point, the number of
worms performing behaviors decreases considerably (Figure 5.8). By calculating
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Figure 5.7: Relationship between space use and worm behaviors. Each
boxplot represents the median, the 25th and 75th percentil of the probability
density of space use given by the Brownian Bridge movement model for the
different reorientation behaviors. Outliers were not considered.
the frequency of behavioral detections found in each consecutive buffer of 2
mms each from the origin point, two patterns were found: the frequencies of
reorientation behaviors like pirouettes and reversals decrease with distance from
the origin point, whereas, the frequencies of omegas and pauses remain constant
across the area explored (Figure 5.9-A). F-test analyses on the slope values for
omegas and pauses were not statistically significant (Table 5.3). Figure 5.9-B
shows that the number of crawl types decreases with distance from the origin
point. This decrease can be explained, mainly, by the number of lines and arcs
(open and closed arcs), while the number of loops remains constant across space.
F-tests analyses were made on the slope values and the slopes for loops were not
statistically significant (Table 5.3).
The density of reorientation behaviors was also computed for the first 19 mms
away from origin, and the results show that density of all reorientation behaviors
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Reorientations reversals omegas pirouettes pauses
reversals - - - -
omegas 0.0000 - - -
pirouettes 0.0000 0.0000 - -
pauses 0.4617 0.0007 0.0000 -
Crawl types loops closed arcs open arcs lines
loops - - - -
closed arcs 0.8721 - - -
open arcs 0.1101 0.0246 - -
lines 0.0000 0.0000 0.0000 -
Table 5.2: P-values of the Willcoxon rank sum test results. P-values
are at the 1% significance level and are the result of the median comparison
of the probability densities of behavioral events space use. h0: behavioral
events are independent samples from identical continuous distributions with
equal medians, against the alternative hypothesis hA that they do not have
equal medians. All pairwise comparison of reorientation behaviors’ medians of
probability density of space use are statistically different, except the pairwise
comparison between reversals and pauses. All pairwise comparison of crawl types’
medians of probability density of space use are statistically similar, except lines
that are different from all other types.
decreases considerably with the distance from the center (Figure 5.10). However,
the density of omegas decreases slower than reversals and pirouettes, where, for
example, at the distance of 6 mms from center, the density of omegas is equal to
the density of pirouettes and higher than the density of reversals.
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Figure 5.8: The number of worms that perform reorientation behaviors
versus distance to origin. The beginning of all worm trajectories is centered
in (0,0) and statistical analyses are performed in the buffer where there is spatial
and behavioral information of more than half of the population. The radius of this
buffer is 19 mms. The different colors correspond to the reorientation behavior
that the worm is doing: reversals (blue), omegas (cyan), pirouettes (orange),
pauses (red).
Parameter estimate (slope) standard error (SE) p-value
reversals -1.8333 0.6912 0.0291
omegas 0.4091 1.0133 0.6970
pirouettes -5.0091 1.1909 0.003
pauses 0.103 0.4266 0.8152
loops -0.3939 0.2229 0.1152
closed arcs -0.9303 0.2748 0.0096
open arcs -1.9515 0.6516 0.0172
lines -3.403 1.1249 0.0164
Table 5.3: Parameter estimates for the linear model explaining variation
of occurrence values of the different behavioral events on a 19 mms
radius from the origin point.
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Figure 5.9: The number of behavioral events versus distances to the
origin point. Euclidian distances were computed between the spatial positions
of each reorientation behavior and the origin point (only the area with 19 mms
radius from origin was considered in this analysis). The buffer was divided into
non-overlapping buffers of radius multiple of 2 mms centered in the origin, and
the number of reorientation behaviors was counted for each one of them.
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Figure 5.10: Density of reorientation behaviors versus distances to the
origin point. Density values were computed using the circle-randomization
method (described in Methods) and using a buffer radius of 2 mms from the origin
point. For each buffer, the number of reorientation behaviors (that were inside of
each circle inside of the buffer) was counted, divided by the total area occupied
(number of circles inside of the buffer times the circle area) and normalized by
the distance of the focal buffer to the center.
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5.2.3 Diffusive properties of movement
In order to understand the diffusive properties of C. elegans movement, we
computed the MSD of the worm’s trajectories and identified a shifting point
between approximately 5 and 17 mins (102.5 and 103 secs) where the MDS slopes
were changing. we fitted a regression line to the two separated parts of the
experiment, and identified two diffusive regimes: a superdiffusive regime with
exponent s = 1.3726 (p-value < 0.001 ) between 0 and 8 mins (0 and 102.7 secs)
and a subdiffusive regime with exponent s = 0.44898 (p-value < 0.001) between
8 and 27 mins (> 102.7 secs). A statistical summary of this analysis is presented
in Table 5.4.




















Figure 5.11: Mean squared displacement of worm trajectories starting
from the same origin point versus time. Two regimes were found:
superdiffusion with s = 1.3726 > 1 (blue color) and subdiffusive with 0 < s =
0.44898 < 1 (red color).
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Parameter estimate (slope) standard error (SE) p-value
superdifusive 1.3726 0.0111 < 0.001
subdiffusive 0.4490 0.0137 < 0.001
Table 5.4: Statistical summary of the mean squared displacement of
worm trajectories. The parameter estimates (slopes), standard errors (SE)
and p-values are presented for the two diffusive regimes found.
5.3 Discussion
Our findings show that worms establish an interesting link between patterns
of space use and the behaviors exhibited during the searching process. Firstly,
worm behavioral events are associated with different exploratory areas depending
on the time spent in each one of them. Secondly, the frequency and density of
behavioral events changes with the distance to the origin point. Thirdly, worms
present two diffusive regimes during their searching period. To study the space
used by worms, recent technology used in terrestrial ecosystems, like BBMM
was used (Horne et al., 2007; Kranstauber et al., 2012; Sawyer et al., 2009).
BBMM provides advantages over home range methods like KUD in the study of
animal movements (Worton, 1989). It includes the temporal component between
locations, which results in a more realistic estimation of space use and home
ranges. BBMM was developed for analyzing home ranges of terrestrial animal
using GPS data (Horne et al., 2007). Despite their acknowledged suitability to
provide insight into the movements of tracked animals in the wild, they have not
been applied to laboratory studies yet. In this study, we successfully applied
this methodology to a microscopy tracking data set to study the movement of
the nematode C. elegans. The worm spatial coordinates were plotted into GIS
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and a geoprocessing extent of 70 mms with a cell size of 0.07 mms was created
to perform the behavioral analyses. BBMM assumes a conditional random walk
between locations, so when the time to connect two locations increases, it also
increases the time that the animal has to diffuse around the estimated starting
and ending points, and the wider is the bridge between these locations. On the
other hand, if the time spent to connect two consecutive locations is very short,
so that the animal has very little time to diffuse, then a narrower bridge exists
between locations. The BBMM results show that worms start exploring their
surroundings extensively and then they start diffusing to farther areas away from
the origin point. Worms exhibited more behavioral events in areas of higher
UD and each behavioral event was associated to a probability of space use. This
probability was computed separately for each behavioral event to avoid the risk of
overlapping behaviors in the same cell, where a priority rule for behaviors would
have to be made. This way, all the behaviors were treated independently: if
more than one behavior is present in the same cell (overlap of behaviors), then all
behaviors present in that cell will have the same probability of space use. Omegas
are the reorientation behaviors associated to lower UDs and pirouettes are the
ones associated to higher UDs. Since higher UD areas are around the origin point
and lower UD areas are the ones more far away, the previous results suggest that
there is a higher concentration of pirouettes around the origin point than in more
distant areas. In the same line of thought, there must be a higher concentration of
omegas than pirouettes in farther areas, which are the ones that represent lower
UD. This result is supported by the frequency analysis of behavioral events where
it was shown that pirouettes and reversals’ frequencies decrease with distance to
the origin, while omegas and pauses remain constant over space. These results
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reinforce the hypothesis mentioned in Chapter 3 where it was suggested that
there were two types of behaviors: the behaviors used to explore locally and that
are time (and now space) dependent like pirouettes, reversals and the majority
of crawl types, and the behaviors that act on the background and that occur
independently of the amount of time (and space) past like omegas, pauses and
loops.
Another very interesting result is the decrease of density of reorientation
behaviors with distance to the origin. This result can be confused with the
frequency of behaviors across space, but it is slightly different. This one accounts
for the number of reorientation behaviors, per unit of space, normalized by the
distance to the origin. To make this computation, it is necessary to know 1)
the number of behaviors found inside of each circle that was located in each 2
mms buffer; 2) the number of circles found in each buffer to compute the area
occupied; and 3) the distance of each buffer to the origin. The results showed that
the density of all reorientation behaviors is much higher around the origin point
and that it decreases with the distance from the origin. However, the density of
omegas decreases slower than the other behaviors, suggesting that there is a more
constant rate of omegas across space. This result could be influenced by the fact
that the probability of choosing a circle more far away from the origin point is
higher than choosing one closer to the origin. However, this problem was solved
by normalizing the density values by the distance of the buffers to the origin.
The average size of individual space used by C. elegans obtained in this study
was of 420.21±207.48 mms2, which shows that there is some variability within the
population. There are individuals that explore only ∼ 213 mms2 of area, while
there are others that explore ∼ 627 mms2. Individual variability was also detected
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in Chapter 4 of this thesis where worm searching strategies were characterized by
the existence of a higher frequency of a specific reorientation behavior. Variability
in individual movement within a nematode population was also registered in a
study made by Hapca and collaborators (Hapca et al., 2009) where they showed
that dispersion rates were different from individual to individual, originating a
non-constant diffusion coefficient at the population level. Indeed, two diffusive
regimes were detected on the movement of C. elegans at the population level.
At shorter times (first 8 minutes), the MSD grows superlinearly (> 1), while at
longer times (8-27 minutes), the MSD grows sublinearly. This result suggests that,
initially, worms adopt a variety of movement strategies that provide superdiffusive
properties to the exploratory behavior, even when, on average, individuals invest
mostly in area restricted-search behavior. Superdiffusive properties provide an
efficient non-informed searching, increasing the likelihood of locating resources
in heterogeneous landscapes (Bartumeus, 2007; Bartumeus et al., 2005). Such
diffusive pattern should be clearly associated to C. elegans movement and
complex reorientation behaviors, much more beyond classic area-restricted search
(Chapter 3). In the last half of the experiment, worms diffusive sublinearly,
usually characterized by both strong interruptions in the movement process and
by the existence of pauses. In the case of C.elegans, it seems that reorientation
behaviors are not the cause of such pattern because most of them decrease through
time. However, excessive looping and the relative increase of pauses compared to
other reorientation behaviors could help to explain this result. Not to forget the
presence of a "copper ring" and the "amoeba-like" space use shape that C.elegans
individuals generate through their exploration process. They seem to reach far
away areas relatively soon but then entertain themselves to thoroughly explore
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the area left behind.
In summary, we have shown that C. elegans presents a very interesting spatial
behavior. C. elegans uses two sets of behavioral events that have distinct spatial
characteristics and that are used for local and global explorations. Straight
forward movements (lines) and pirouettes are the behaviors related to areas of
higher space use, while omegas are the behaviors associated to the areas of lower
space use. Furthermore, omegas, pauses and loops seem to be used in both local
and global exploratory processes while the other behaviors seem to be associated
to the areas around the origin point. The existence of two diffusion regimes
implies that C. elegans is taking advantage of the statistical properties of the
diffusive processes and is trying to increase its searching success. With this work,
we gave a step ahead for a better understanding of the relationship between
behavioral events and the spatial properties of C. elegans movement. However,
more research on this topic is needed to completely unravel the contribution of
each behavioral event on both the diffusive properties of C. elegans movement




6.1 The relationship between movement and
behavior
Animal searches have been viewed as decision-making processes where animals
have to balance their decisions between searching nearby or faraway (Bartumeus
et al., 2012; Reynolds, 2010; Reynolds & Bartumeus, 2009). These decisions
depend on the amount of information (past experiences or information gathered
while searching) that animals have relating to the environment. When animals
have no information, the trade-off between a local and a global search can be
solved by certain stochastic searching strategies, such as fractal reorientation
times (Bartumeus & Levin, 2008) and superdiffusive properties at large scales
(Bartumeus et al., 2005; Viswanathan et al., 2011). However, animals process
information wherever possible and different movement patterns emerge from the
informed decisions (e.g. area-restricted search and avoidance behavior). For a
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better understanding of the searching process, it is necessary to interpret the
association, at different scales, between the behavior of the organism and the
movement patterns it produces. Therefore, the size, sampling, and quality of
the dataset are critical factors for a thorough and reliable analysis. Ideally, the
data should be sampled at high resolution to capture fast dynamics, and over
a long time scale to generate statistically significant behavioral distributions.
Controlled laboratory conditions are an excellent way of studying the behavioral
mechanisms associated to searching strategies. They provide the possibilities
of working with organisms characterized by a simple locomotion and behavioral
repertoire (e.g. C. elegans), and of minimizing the amount of interference of
external cues to the individual movement process. C. elegans is an excellent
model system to study the relationship between behavioral mechanisms and their
associated movement patterns. Its behavioral repertoire is characterized by a
sequence of reorientation behaviors separated by crawl types. These behavioral
events are identified using high resolution data (tracking data together with
detailed images of the worm shape) followed by sophisticated image analyses and
clustering techniques (Chapter 2). The aforementioned methods show highly
accurate results in the detection of the different worm behaviors, and provide a
complete behavioral dataset of individual searching. Before the experiment, C.
elegans was being fed in an environment with resources before being transferred to
the homogenous environment where the tracking took place. The time between
the resourced to the non-resourced environment is of exactly X mins. As the
memory of the past resource-rich environment is gradually lost, and, no more
resource information is gathered, animals will have to change their strategies in
order to have successful searches.
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6.2 Basal and "informed" behavior
In our experiments, internal state behavioral modulation may exist in association
with a starvation/satiation state or with a present/absent food memory (Gray
et al., 2005; Zhao et al., 2003). The switch from a local search behavior, at the
beginning of the experiment, towards a non-local one may be due to the general
effects of food deprivation, which is known to result in exploration of further
areas, either when food memory is lost or when starvation levels increase (Gray
et al., 2005; Hills et al., 2004; Sawin et al., 2000; Wakabayashi et al., 2004). Some
of the identified behavioral events act as reorientation behaviors, which are the
major drivers for changing the direction of motion (Chapter 3). Reorientation
behaviors are dependent on crawls that precede them, but are independent of the
crawls that follow (Chapter 4). This fact highlights that reorientation behaviors
do interrupt the previous continuous forward motion, generating a pairwise
dependency between a reorientation and its previous crawl type. Reorientation
behaviors like pirouettes that generate higher changes of direction are linked
with local search and the ones that generate smaller changes of direction like
omegas are linked with non-local search processes (Chapters 3 and 5). Efficiency
studies on the use of intermittent locomotion can be found in (Bartumeus &
Levin, 2008; Bazazi et al., 2012). The characterization of the spatiotemporal
changes in search behavior shows that there is a decreased frequency of pirouettes
and reversals, as well as of lines and arcs. However, omegas, pauses and loops
remain constant over time and space (Chapter 3 and 5). We hypothesize
that omegas and loops are kept constant over time and space because they are
linked to the intrinsic behavior of the organism, not being controlled by external
131
6. DISCUSSION
cues or by specific internal state metabolisms. Our studies show that a current
action influences another (first-order correlation): one crawl type influences the
type of the reorientation behavior that comes next (Chapter 4), however still
nothing is known about how a sequence of behavioral events can predict future
behavioral patterns (high-order correlations). Omega turns are characterized
by a heavy-tailed distribution (stretched exponential) (Chapter 3) and control
for basal (non-informed) exploratory behavior. This distribution accounts for
complex intensive-extensive search patterns and diffusion schemes (Viswanathan
et al., 2011). According to previous studies on searching strategies (Bartumeus
et al., 2002, 2005; Viswanathan et al., 1996, 1999), Lévy walks (power law
distribution between reorientations) are stochastic processes that account for
more efficient random search strategies, which, among other things, results in long
forward movements between reorientations (Bartumeus & Levin, 2008; Bazazi
et al., 2012). In this study, C. elegans does not produce longer crawls between
reorientations, because the longer the crawl, the larger the probability of looping
(Chapter 4), potentially, reducing the possibility of more efficient stochastic
search. However, loops increase the overlap of the trajectory and reduce the
overall exploratory capacity. Therefore, it is important to have control on them.
Hence, since loops are correlated with their subsequent omega behaviors, an
important function of omega turns, as an exploratory behavioral template, may
be to avoid excessive looping. This fact shows that motor mechanisms (influenced
by past experiences and learning processes) adjust the basal motor output of C.
elegans to simultaneously produce efficient global search movements and intense




Behavioral ethograms (Chapter 2) and spatial analysis (Chapter 5) of C.
elegans show that worms differ in the way they explore their environment. They
use three different searching strategies (resulting from a clustering algorithm -
Chapter 4) and each search strategy is characterized by a higher frequency
of specific reorientation behaviors. Despite the fact that individuals differ in
their preference for the type of reorientation behavior, the general temporal
movement patterns that exist in the population are common to the three
subgroups (Chapter 4). Therefore, this result suggests that the temporal trends
are intrinsically connected to the behaviors themselves and not to the subgroup
characteristics. Also, it shows that the output is not a product of averaging
across the population, but rather it is consistent across different subgroups (with
high variance between them). Previous studies on nematode movement (Hapca
et al., 2009) highlight the fact that results at the population level can mislead
the interpretation of the results at the individual level, since the former can
just be an average of the individual heterogeneity. The existent variability in
searching strategies found in our data triggers fundamental questions related to
behavioral syndromes, also called personalities, which are defined as a set of
correlated behaviors reflecting between individual differences that are consistent
over time and in different contexts (Bell, 2007; Sih et al., 2004a,b, 2012). The
correlation behaviors can generate different tradeoffs across contexts that can
play a major role in evolution (Bell, 2007; Dall et al., 2004; Sih et al., 2004a).
This can be a potential future direction of the present work (new experimental
work), since it explores important evolutionary and ecological questions regarding
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the effects of behavioral types on species distributions and on their responses to
environmental change.
6.4 C. elegans and random walk models
The work presented in this thesis shows that the search behavior of C. elegans
is very complex and cannot be represented by just a run and tumble model
(Stephens et al., 2010), Chapters 2 and 3. Although some theoretical studies
have already shown the potential role of correlated random walks and Lévy walks
in the understanding of animal random search strategies (Lima & Zollner, 1996;
Viswanathan et al., 1999), they still lack an adequate biological interpretation
of their properties. One of the reasons why such models lack an explanation of
the behavioral mechanisms of a searching strategy is that the characterization
of the distribution of step lengths, together with the distribution of turning
angles, is not sufficient to characterize such a complex system. A model with
intermittent behavior incorporated will be the most adequate to use, such as the
Lévy-modulated correlated random walk described in (Bartumeus & Levin, 2008).
In this type of model, it would be possible to incorporate reorientation behaviors
with different turning angle distributions and replace the power law distribution
for the step lengths (property of the Lévy walk) by other distributions supported
by empirical data (e.g. stretched exponential distribution in the case of C.elegans
case). Furthermore, it would be possible to include a temporal component for
a better understanding of the role of the two time clocks: one that involves a
constant frequency over time (omega turn and pause behaviors), and another
one where there is a decrease in frequency over time (reversals and pirouettes).
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Another interesting aspect would be the incorporation of the sinuosity of the
different crawl types within the model. With this addition, one could theoretically
test the role of each crawl type in the efficiency of searching strategies. This
issue can be explored using dynamic state variable models, which have proven
useful in understanding, in general, the tradeoffs involved with energy reserve
management (Clark & Mangel, 2000; Houston & McNamara, 1999). Hidden
Markov models can also provide an excellent predictive tool of future individual
behaviors displayed by animals, through an output of future behavioral state
sequences.
6.5 Genetic and neuronal studies on search
behavior
One of the main goals of neuroscience and genetics is to increase the
understanding of the genetic architecture of behavioral traits and of how genetic
variations affect neuronal circuits to modify behavior. Behavior includes the
action of genes, their function in neurons, and the neurons’ assembly into circuits
(Gray et al., 2005). C. elegans is an exceptional model organism to make
connections between these levels. Recent studies show that (among other factors
like level of starvation, amount of oxygen in the air and number of neighbors)
patch leaving is a multigenic trait regulated in part by naturally occurring
non-coding polymorphims in tyramine receptor 3 (tyra-3 ) (Bendesky et al., 2011).
This gene produces a receptor activated by adrenaline that is involved in the
dispersal process. Therefore, natural variation in tyra-3 affects patch leaving, a
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behavior representative of the exploration-exploitation decision. There have also
been some neuronal studies to dissect the roles of neurons (sensory and motor)
and interneurons in worm escape (Chalfie et al., 1985; White et al., 1986) and
exploratory behaviors (Gray et al., 2005). The escape circuit of C. elegans is
defined by using a synaptic wiring diagram of the 302 neurons in its nervous
system. Six mechanosensory neurons that detect noxious stimuli synapse onto
four pairs of interneurons called forward and backward command neurons, which
synapse onto motor neurons responsible for forward and backward locomotion,
leading to a rapid avoidance of the stimulus. C. elegans exploratory behavior is
influenced by its recent experience with food (this work, (Gray et al., 2005; Hills
et al., 2004; Sawin et al., 2000; Wakabayashi et al., 2004)). The animal’s behavior
upon removal from food, moves from an initial local search state to a subsequent
dispersal state. These two behavioral states require distinct sets of sensory
neurons and interneurons. The AWC, ASK, and AFD sensory neurons and the
AIB and RIB interneurons increase the probability of reversals and turns in the
local search state. The ASI sensory neurons and the AIY interneurons decrease
the probability of reversals and omega turns and are required for the dispersal
state (Gray et al., 2005). Since in the previous study, turns are represented
by both isolated omegas and omegas associated with pirouettes, it would be
interesting to repeat it considering the two behaviors separately and disentangling
the neuronal circuit responsible for isolated omega turns and pirouettes. This
study would increase our understanding of the generation of basal and time
dependent behaviors, and more studies are needed to explore the generation of
the different types of crawls.
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6.6 Other future directions
Once we have an understanding of how C. elegans moves without being influenced
by the environment, the next step would be to know how external factors can
influence the decision making process. New experiments with different resource
distributions would greatly elucidate how animals make decisions in a patchy





Tables with behavioral data
Table A.1: Table with behavioral data I. It presents the number of behavioral
events for each worm that started after the first 3 mins of the experiment. Run
represents the worm id and Nb and Nc represent, respectively, the total number
of behaviors (reversals, omegas, pirouettes and pauses) and the number of crawls
(loops, closed arcs, open arcs and lines).
Behaviors Crawls Total
Run Revs Ωs Pirs Paus Loops C. Arcs O. Arcs Lines Nb Nc
1 11 5 22 5 2 3 11 21 43 37
2 6 53 8 0 0 4 16 24 67 44
3 19 3 17 3 0 3 7 17 42 27
4 3 26 6 11 2 7 13 9 46 31
5 18 6 23 2 3 4 9 21 49 37
6 5 4 11 2 6 7 2 4 22 19
Continued on next page
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Table A.1 – continued from previous page
Behaviors Crawls Total
Run Revs Ωs Pirs Paus Loops C. Arcs O. Arcs Lines Nb Nc
7 14 1 21 3 0 2 7 20 39 29
8 16 2 10 4 1 4 2 15 32 22
9 11 5 14 1 0 2 5 14 31 21
10 33 8 8 6 2 5 8 20 55 35
11 18 32 9 40 1 7 17 30 99 55
12 10 22 25 6 6 12 13 15 63 46
13 5 23 14 8 1 7 6 22 50 36
14 7 20 13 5 2 2 7 18 45 29
15 15 20 17 21 2 5 12 26 73 45
16 23 14 19 22 4 3 12 20 78 39
17 10 2 21 2 0 4 6 18 35 28
18 12 2 13 0 1 5 6 10 27 22
19 1 47 6 0 5 4 6 21 54 36
20 3 4 23 1 1 2 4 17 31 24
21 18 17 37 13 2 6 22 35 85 65
22 9 3 0 3 10 3 0 0 15 13
23 16 6 13 10 4 3 16 13 45 36
24 4 25 6 1 3 7 7 9 36 26
25 2 57 13 0 0 5 19 31 72 55
26 4 28 20 2 1 3 15 25 54 44
Continued on next page
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Behaviors Crawls Total
Run Revs Ωs Pirs Paus Loops C. Arcs O. Arcs Lines Nb Nc
27 12 6 10 4 2 2 7 10 32 21
28 17 30 3 5 2 3 10 19 55 34
29 1 24 21 7 3 6 14 18 53 41
30 7 12 29 2 0 3 13 24 50 40
31 7 6 15 9 0 1 5 13 37 19
32 5 28 11 1 0 3 10 16 45 29
33 22 10 20 4 4 5 11 23 56 43
34 18 7 41 3 1 5 9 27 69 42
35 41 10 19 12 5 8 11 27 82 51
36 39 26 23 6 5 10 11 34 94 60
37 33 5 18 0 0 4 8 32 56 44
38 14 6 27 7 5 6 12 23 54 46
39 27 13 16 2 1 13 7 23 58 44
40 3 9 11 0 0 1 6 7 23 14
41 30 3 24 0 5 4 10 23 57 42
42 13 5 21 0 1 7 12 15 39 35
43 8 10 12 1 4 2 5 15 31 26
44 18 2 34 1 2 2 19 24 55 47
45 16 4 21 0 2 3 7 22 41 34
46 8 11 22 2 4 6 6 20 43 36
Continued on next page
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Table A.1 – continued from previous page
Behaviors Crawls Total
Run Revs Ωs Pirs Paus Loops C. Arcs O. Arcs Lines Nb Nc
47 3 43 10 0 0 0 11 25 56 36
48 15 6 33 8 1 8 16 26 62 51
49 9 13 0 6 1 1 3 9 28 14
50 22 25 8 1 2 5 13 20 56 40
51 16 11 37 3 4 8 10 32 67 54
52 4 53 9 0 1 1 12 30 66 44
Total 788 860 935 306 114 236 506 1032 2889 1888
Table A.2: Table with behavioral data II. It presents the number of frames
occupied by each behavioral events per worm that started after the first 3 mins of
the expriment. Run represents the worm id and Fb and Fc represent, respectively,
the total number of frames occupied by behaviors (reversals, omegas, pirouettes
and pauses) and the total number of frames occupied by crawls (loops, closed
arcs, open arcs and lines).
Behaviors Crawls Total
Run Revs Ωs Pirs Paus Loops C. Arcs O. Arcs Lines Fb Fc
1 128 93 857 43 1328 751 1267 1678 1121 5024
2 55 911 313 0 0 816 1817 1926 1279 4559
Continued on next page
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Behaviors Crawls Total
Run Revs Ωs Pirs Paus Loops C. Arcs O. Arcs Lines Fb Fc
3 202 47 581 14 0 993 1842 1652 844 4487
4 15 622 233 86 985 2103 1242 656 956 4986
5 145 123 765 9 1144 660 1373 1303 1042 4480
6 81 57 546 25 1258 3060 186 337 709 4841
7 116 16 719 27 0 421 1727 1247 878 3395
8 172 29 325 22 715 958 213 1254 548 3140
9 130 50 430 5 0 730 1411 1749 615 3890
10 354 132 256 85 728 1577 681 1250 827 4236
11 189 544 252 297 399 737 1098 1747 1282 3981
12 69 433 775 45 1486 1415 976 806 1322 4683
13 37 387 458 69 27 1507 1202 1768 951 4504
14 81 293 377 32 59 236 1484 1869 783 3648
15 189 534 545 190 207 1026 1338 1864 1458 4435
16 366 342 739 284 256 602 1315 1502 1731 3675
17 110 23 588 21 0 980 645 1449 742 3074
18 103 30 379 0 310 1201 1189 759 512 3459
19 21 961 267 0 1019 311 710 914 1249 2954
20 25 39 750 4 367 435 441 1475 818 2718
21 212 198 1170 111 179 304 1897 1633 1691 4013
22 77 65 0 30 4261 556 0 0 172 4817
Continued on next page
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Table A.2 – continued from previous page
Behaviors Crawls Total
Run Revs Ωs Pirs Paus Loops C. Arcs O. Arcs Lines Fb Fc
23 132 71 310 98 2268 655 1847 546 611 5316
24 26 532 312 7 493 1293 1292 1095 877 4173
25 19 1069 487 0 0 557 2014 2071 1575 4642
26 34 393 559 14 246 298 1864 2588 1000 4996
27 92 119 358 22 1415 468 812 1575 591 4270
28 181 522 95 28 344 498 2130 1580 826 4552
29 7 331 807 42 688 848 1845 1040 1187 4421
30 61 195 821 12 0 688 1462 1529 1089 3679
31 70 79 510 75 0 62 1225 1119 734 2406
32 49 358 444 4 0 465 1225 1899 855 3589
33 202 135 566 26 1150 817 905 1306 929 4178
34 157 126 1438 21 519 951 933 1619 1742 4022
35 453 143 609 87 1105 907 849 1324 1292 4185
36 434 415 650 64 659 983 1018 1704 1563 4364
37 283 73 547 0 0 1288 790 2359 903 4437
38 149 58 945 55 1090 760 1461 1421 1207 4732
39 267 175 506 28 503 2029 959 1587 976 5078
40 38 97 311 0 0 349 732 548 446 1629
41 242 27 676 0 1190 582 831 1399 945 4002
42 137 87 661 0 17 1346 2456 1381 885 5200
Continued on next page
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Behaviors Crawls Total
Run Revs Ωs Pirs Paus Loops C. Arcs O. Arcs Lines Fb Fc
43 65 136 460 5 1138 615 722 1125 666 3600
44 174 22 892 7 315 205 1935 1361 1095 3816
45 180 36 609 0 846 736 470 1645 825 3697
46 80 102 600 12 1345 1002 1058 1568 794 4973
47 12 798 464 0 0 0 2123 1627 1274 3750
48 115 107 1009 66 284 1587 1663 1192 1297 4726
49 112 246 0 70 1407 468 504 569 428 2948
50 270 332 245 5 697 760 1767 1508 852 4732
51 144 134 1141 22 1071 1113 844 1594 1441 4622
52 30 1093 451 0 36 149 1507 2576 1574 4268





B.1 Model fitting of the distribution of crawl
lengths
In order to characterize the distribution of crawl lengths (time intervals between
reorientation behaviors), we fitted a theoretical stretched exponential model to
the empirical data. The stretched exponential distribution is an exponential
distribution with a parameter β, where 0 < β < 1, which accounts for deviations
from exponential behavior at the tail. The parameter value β = 1 represents pure
exponential behavior, and the smaller the β value, the fatter is the tail. Let us
consider the stretched exponential pdf in an interval of interest:
p(x) = A exp [−(x/θ)β], a ≤ x ≤ b (B.1)
where ∫ b
a







{Γ(1/β; [b/θ]β)− Γ(1/β; [a/θ]β)}−1. (B.3)
B.1.1 Expressions for the analysis of pre-binned data
Following (Edwards et al., 2007), in order to account for the character type of
our data (i.e. frames) in our maximum likelihood fitting procedure we need to
define the function




P (begin in bin j | λ) = Γ(1/β; yj)− Γ(1/β; yj−1)














The log likelihood function is then:
l(λ | data) =
J∑
j=1
dj log[P (being in bin j | λ)] (B.6)
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where dj is the number of counts at bin j. Equation B.6 can be used to find
the maximum likelihood estimation of the parameters given a specific prebinned
dataset.
B.2 Tables with parameter values
First part of the experiment (1-13.5 minutes)
rb N θ θmin θmax β βmin βmax LogLik AIC
A 1282 10.58 8.36 12.98 0.76 0.69 0.84 -6714.44 13432.87
R 329 57.00 42.72 63.55 1.00 0.94 NA -2115.28 4234.56
O 262 19.20 8.26 34.89 0.60 0.50 0.75 -1683.90 3371.59
P 522 35.37 26.78 41.18 0.96 0.91 NA -3143.01 6290.03
Second part of the experiment (13.5-27 minutes)
rb N θ θmin θmax β βmin βmax LogLik AIC
A 1252 7.56 5.28 10.25 0.59 0.53 0.65 -6981.65 13967.31
R 270 32.51 16.40 53.83 0.65 0.62 0.79 -1815.47 3634.95
O 442 7.38 3.29 13.60 0.49 0.41 0.58 -2727.65 5459.31
P 261 54.57 34.82 72.52 0.89 0.83 0.96 -1712.63 3429.26
Table B.1: Results of model fitting for the first and second halves of the
experiment. For the model fitting of the time intervals between reorientation
behaviors, we computed the number (N) of time intervals between all reorientation
behaviors (rb A), between only reversals (rb R), between only omegas (rb O)
and between only pirouettes (rb P). We computed the stretched exponential
parameters (θ and β), with the confidence intervals of the estimated parameters
using a 95% confidence interval (θmin, θmax, βmin and βmax); the log-likehood
























Figure C.1: Impact of reorientations in the direction of motion. To see
the impact of each of the reorientations, we computed the angular correlation
Cα (y-axis) with a running window τ = 30 secs (x-axis) of pure crawls and of
crawls interrupted by a specific reorientation behavior (non-pure crawls). Colors
represent the different crawls: pure crawls (magenta), crawls with reversals (blue),
crawls with omegas (cyan), crawls with pirouettes (orange), crawls with pauses
(red). C(α)(τ) were averaged over all the runs.
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C. SUPPLEMENTARY FIGURES















Stretched Exponentialβ = 0.62
θ = 32.51



















Stretched Exponentialβ = 0.60
θ = 19.2




















Stretched Exponentialβ = 0.96
θ = 35.36










Figure C.2: Log-log plots of the distribution of time intervals. The time
intervals are computed between each one of the behavioral events for the first and
second half of the experiment. The theoretical stretched exponential model was
adjusted to the empirical distributions.
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Appendix D
Model fitting: worm subgroups





l A 675 5.24 3.13 7.92 0.56 0.49 0.64 -3629.12 7262.24
R 293 33.89 21.16 48.37 0.83 0.75 0.88 -1824.60 3653.20
O 85 42.57 8.60 85.99 0.74 0.67 0.83 -566.62 1137.25




a A 1446 10.26 7.78 13.04 0.69 0.62 0.76 -7845.66 15695.32
R 60 39.27 5.93 104.57 0.64 0.57 0.99 -418.06 840.13
O 445 18.25 10.98 27.04 0.72 0.62 0.87 -2622.47 5248.94





te A 944 13.13 9.92 16.66 0.74 0.66 0.83 -5189.47 10382.93
R 210 81.32 59.02 93.31 1.00 0.92 NA -1424.77 2853.54
O 117 32.28 6.68 82.61 0.58 0.54 0.85 -822.07 1648.14
P 466 36.89 27.68 43.72 0.95 0.90 NA -2831.87 5667.75
Table D.1: Results of model fitting for the different worm subgroups
(ws). For the model fitting of the time intervals between reorientation behaviors,
we computed for each worm subgroup, the number (N) of time intervals between
all reorientation behaviors (rb A), between only reversals (rb R), between only
omegas (rb O) and between only pirouettes (rb P). We computed the stretched
exponential parameters (θ and β), with the confidence intervals of the estimated
parameters using a 95% confidence interval (θmin, θmax, βmin and βmax); the




Statistical tests to study the
association between crawls and
reorientation behaviors
E.1 Pairwise independence test
Analysis of the 2-tailed side Z-score test statist Z (α = 0.05) to test the
null hypothesis: H0 : p(Ci|Rj) = p(Ci) against the alternative hypothesis:
HA : p(Ci|Rj) 6= p(Ci). The results are the following:
1. Reversals & loops:
Z0.05(2) = 1.9600
−Z0.05(2) < Z = 0.7972 < Z0.05(2) ⇒ H0 is accepted (pv = 0.42533).
Reversals are independent of loops.
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BETWEEN CRAWLS AND REORIENTATION BEHAVIORS
2. Reversals & arcs:
Z0.05(2) = 1.9600
Z = 2.1345 > Z0.05(2)⇒ H0 is rejected (p-value = 0.0328).
Reversals are dependent of arcs with a negative relationship (since
p(arcs|revs) < p(arcs)).
3. Reversals & lines:
Z0.05(2) = 1.9600
−Z0.05(2) < Z = 1.6963 < Z0.05(2) ⇒ H0 is accepted (p-value = 0.0898).
Reversals are independent of lines.
4. Omegas & loops:
Z0.05(2) = 1.9600
Z = 2.0841 > Z0.05(2)⇒ H0 is rejected (p-value = 0.03715).
Omegas are dependent of loops with a positive relationship (since
p(loops|Ω) > p(loops)).
5. Omegas & arcs:
Z0.05(2) = 1.9600
Z = 2.8493 > Z0.05(2)⇒ H0 is rejected (p-value = 0.00438).
Omegas are dependent of arcs with a positive relationship (since
p(arcs|Ω) > p(arcs)).
6. Omegas & lines:
Z0.05(2) = 1.9600
Z = 3.8519 > Z0.05(2)⇒ H0 is rejected (p-value = 0.00012).
Omegas are dependent of lines with a negative relationship (since
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p(lines|Ω) < p(lines)).
7. Pirouettes & loops:
Z0.05(2) = 1.9600
Z = 2.5291 > Z0.05(2)⇒ H0 is rejected (p-value = 0.01143).
Pirouettes are dependent of loops with a negative relationship (since
p(loops|pirs) < p(loops)).
8. Pirouettes & arcs:
Z0.05(2) = 1.9600
−Z0.05(2) < Z = 0.3599 < Z0.05(2) ⇒ H0 is accepted (p-value = 0.7189).
Pirouettes are independent of arcs.
9. Pirouettes & lines:
Z0.05(2) = 1.9600
−Z0.05(2) < Z = 1.5172 < Z0.05(2) ⇒ H0 is accepted (p-value= 0.12922).
Pirouettes are independent of lines.
Note: The results above also hold to test H0 : p(Rj|Ci) = p(Rj) against
HA : p(Rj|Ci) 6= p(Rj)i, j ∈ [1..3].
E.2 Comparison of proportions between
dependent variables
Complete analysis of Tukey test to compare proportions between dependent
variables:
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E. STATISTICAL TESTS TO STUDY THE ASSOCIATION
BETWEEN CRAWLS AND REORIENTATION BEHAVIORS
• Association between reorientations and crawls before them (Cp →
R)
Reorientation type
Crawl type Reversals Omegas Pirouettes Total
Loops 40 41 25 106
(34.69) (28.39) (42.92)
Arcs 192 214 267 673
(220.28) (180.22) (272.50)
Lines 329 204 402 935
(306.03) (250.39) (378.58)
Total 561 459 694 1714
Table E.1: Contingency table for the relationship between reorientations
and the crawls before (Cp → R).
Reorientation type
Reversals Total Crawl type Proportions Group
40 106 Loops 0.3744 1
192 673 Arcs 0.2853 2
935 935 Lines 0.3519 3
Comparison Difference(∗) SE q q0.05,∞,3 Decision
3 vs. 2 4.0882 1.024 3.994 3.314 S
3 vs. 1 1.5751 2.072 0.760 3.314 NS
2 vs. 1 5.6633 2.112 2.681 3.314 NS
Table E.2: Tukey’s multiple comparisons test among proportions:
reversals. The multiple comparisons can be Significant (S) or Non Significant
(NS). (*) Absolute value of the difference between proportions. Results: p3 6= p2,
p3 = p1 and p2 = p1, which is an ambiguous result. It is likely that the present
method lacks power for this set of data.
158
E.2 Comparison of proportions between dependent variables
Reorientation type
Omegas Total Crawl type Proportions Group
41 106 Loops 0.3868 1
214 673 Arcs 0.3180 2
204 935 Lines 0.2182 3
Comparison Difference(∗) SE q q0.05,∞,3 Decision
3 vs. 2 6.4753 1.024 6.325 3.314 S
3 vs. 1 10.6518 2.072 5.142 3.314 S
2 vs. 1 4.1766 2.112 1.977 3.314 NS
Table E.3: Tukey’s multiple comparisons test among proportions:
omegas. (*) Absolute value of the difference between proportions. The multiple
comparisons can be Significant (S) or Non Significant (NS). Results: p3 6= p2,
p3 6= p1 and p2 = p1 ⇒ p3 6= p1 = p2 which means that the proportion of lines
before an omega is significantly different from both the proportions of loops and
arcs before an omega.
Reorientation type
Pirouettes Total Crawl type Proportions Group
25 106 Loops 0.2358 1
267 673 Arcs 0.3967 2
402 935 Lines 0.4299 3
Comparison Difference(∗) SE q q0.05,∞,3 Decision
3 vs. 2 1.9281 1.024 1.884 3.314 NS
3 vs. 1 11.7575 2.072 5.675 3.314 S
2 vs. 1 9.8294 2.112 4.653 3.314 S
Table E.4: Tukey’s multiple comparisons test among proportions:
pirouettes. (*) Absolute value of the difference between proportions. The
multiple comparisons can be Significant (S) or Non Significant (NS). Results:
p3 = p2, p3 6= p1 and p2 6= p1 ⇒ p3 = p2 6= p1 which means that the proportion
of loops before a pirouette is significantly different from both the proportions of
arcs and lines before a pirouette.
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E. STATISTICAL TESTS TO STUDY THE ASSOCIATION
BETWEEN CRAWLS AND REORIENTATION BEHAVIORS
• Association between crawls and reorientations after them
(C → Ra)
Crawl type
Reorientation type Loops Arcs Lines Total
Reversals 40 192 329 561
(34.69) (220.28) (306.03)
Omegas 41 214 204 459
(28.39) (180.23) (250.39)
Pirouettes 25 267 402 695
(42.92) (272.50) (378.58)
Total 106 673 935 1714
Crawl type
Loops Total Reorientation type Proportions Group
40 561 Reversals 0.0713 1
41 459 Omegas 0.0893 2
25 694 Pirouettes 0.0360 3
Comparison Difference(∗) SE q q0.05,∞,3 Decision
3 vs. 2 6.4364 1.218 5.284 3.314 S
3 vs. 1 4.5290 1.150 3.940 3.314 S
2 vs. 1 1.9074 1.274 1.497 3.314 NS
Table E.5: Tukey’s multiple comparisons test among proportions:
loops. (*) Absolute value of the difference between proportions. The multiple
comparisons can be Significant (S) or Non Significant (NS). Results: p3 6= p2,
p3 6= p1 and p2 = p1 ⇒ p3 6= p2 = p1 which means that the proportion of
pirouettes after a loop is significantly different from both the proportions of
reversals and omegas after a loop.
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Crawl type
Arcs Total Reorientation type Proportions Group
192 561 Reversals 0.3422 1
214 459 Omegas 0.4662 2
267 694 Pirouettes 0.3847 3
Comparison Difference(∗) SE q q0.05,∞,3 Decision
3 vs. 2 4.7228 1.218 3.877 3.314 S
3 vs. 1 2.5239 1.150 2.195 3.314 NS
2 vs. 1 7.2467 1.274 5.687 3.314 S
Table E.6: Tukey’s multiple comparisons test among proportions:
arcs. (*) Absolute value of the difference between proportions. The multiple
comparisons can be Significant (S) or Non Significant (NS). Results: p3 6= p2,
p3 = p1 and p2 6= p1 ⇒ p1 = p3 6= p2 which means that the proportion of omegas
after an arc is significantly different from both the proportions of reversals and
pirouettes after an arc.
Crawl type
Lines Total Reorientation type Proportions Group
329 561 Reversals 0.5865 1
204 459 Omegas 0.4444 2
402 694 Pirouettes 0.5793 3
Comparison Difference(∗) SE q q0.05,∞,3 Decision
3 vs. 2 7.7361 1.218 6.351 3.314 S
3 vs. 1 0.4161 1.150 0.362 3.314 NS
2 vs. 1 8.1522 1.274 0.397 3.314 S
Table E.7: Tukey’s multiple comparisons test among proportions:
lines. (*) Absolute value of the difference between proportions. The multiple
comparisons can be Significant (S) or Non Significant (NS). Results: p3 6= p2,
p3 = p1 and p2 6= p1 ⇒ p1 = p3 6= p2 which means that the proportion of omegas
after a line is significantly different from both the proportions of reversals and
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